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Microbial community pattern detection in human body habitats via ensemble framework
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1. Introductory of four base clustering approaches
The goal of ensemble clustering is to obtain a comprehensive consensus clustering by integrating m component clustering results. Given the metagenomic similarity network, there are several ways to obtain diverse clustering results. They can be generated by different clustering algorithms as well as a given algorithm with different initializations. These clustering results should be generated by diverse and independent computational approaches, called base clustering algorithms.
In our experiment, proposed ensemble algorithm Meta-EC is composed of four base clustering approaches:
HIERARCHICAL CLUSTERING builds clusters based on distance connectivity [1]. Initially, each vertex in V is represented as a cluster, namely , where  and n is number of vertex in V. In each iteration of hierarchical clustering, the algorithm chooses two closest clusters to merge in a new cluster. Given two clusters A and B, the distance between two clusters can be defined in many ways. Here we use the popular average linkage, which captures the average distance between two sets of vertices: . The algorithm stops clustering when the number of merged clusters reaches a sufficiently small number.
K-MEANS CLUSTERING aims to partition the vertexes into k clusters where each vertex in identical clusters has the nearest mean [2]. In k-means algorithm, the similarity network G is represented as its matrix format, i.e.  where  equals to the similarity between vertex  and . In this way, each vertex  in V is represented as a n-dimensional real vector, namely . Given k cluster set  with randomly initialized points, k-means clustering aims to partition each vertex  into k clusters in order to minimize the similarity as: , where  is the mean of points in .
EM ALGORITHM assigns a probability distribution to each vertex to indicate the likelihood it belongs to each of the clusters [2]. Given the similarity network consisting of a vertex set V and k initialized cluster set , where  is a random initial cluster point, EM algorithm repeats the following two steps to re-estimate cluster set until each cluster point  converges to a steady state:
Expectation step (E step): compute expectation value of each vertex  that belongs to cluster point , denoted as ;
Maximization step (M step): re-compute  as , where n is number of vertexes in V.
DENSITY-BASED CLUSTERING defines clusters as areas of high local density relative to the rest of the network space [3]. A typical example in this category is CFinder which detects the k-clique percolation clusters as functional modules. A parameter  is required in the algorithm. The algorithm randomly prioritizes an unvisited vertex . If the vertex  has sufficient sized -neighborhood, a cluster is generated. If one vertex  is found to be a dense part of ’s cluster, all vertexes in ’s -neighborhood add to ’s cluster. This process continues until the density-connected cluster is completely found. Then a new unvisited vertex is retrieved and processed.
2. Evaluation of microbial clusters 
To evaluate the accuracy of different clustering methods in grouping sample with same features, we introduce three scoring measures to assess how well the detected clusters match the reference communities. We first introduce some notations before describing these measures. Let  denotes the clusters detected by a particular clustering algorithm, where each ,  is consist of samples in the z-th cluster and  denotes the number of clusters. Let  denotes the reference set, where each  is consist of samples within the t-th reference community.  denotes the number of reference communities.
1) PR-based metric: For each cluster z and each reference community t, the Precision-based score between them is calculated by , which measures what fraction of the samples in cluster z correspond to reference community  t. The Recall-based score between them is calculated by  which measures what fraction of the reference community t is recovered by cluster z. The Precision-Recall based score is defined as . For each cluster z, we try to find the reference community that maximizes the Precision-Recall based score between them, which is defined as . Similarly, for each reference community t, we try to find the cluster that maximizes the Precision-Recall based score between them, that is . After measuring  for the each detected clusters, we define . Similarly, for the T reference communities, we define . To quantify how the K detected clusters overlap with the T reference communities, the PR between detected clusters and reference communities is defined as the harmonic mean of PRC and PRF, which is
					(1)
2) f-measure: Another evaluation metric is f-measure which is also based on precision and recall, but the definition of precision and recall is different from PR-based metric. f-measure assesses the performance of a clustering algorithm at cluster level, whereas PR-based metric is at cluster-sample level. For a detected cluster z and a reference community t, they are considered to be matched if , here  is a predefined threshold, which is generally set to 0.25 in the literature. So in this paper, the value of  is fixed at 0.25. Let N be the number of detected clusters that match at least one reference community and M be the number of reference communities that are matched by at least one detected clusters. The precision is defined as , and the recall is defined as . The f-measure is defined as the harmonic mean of recall and precision, that is
				(2)
3) [bookmark: _GoBack]F-score: The third evaluation metric is F-score, which measures the performance of a clustering algorithm at sample level. Let TT denotes the number of sample pairs that belong to same reference communities. Let PP denotes the number of sample pairs that are grouped together by a given clustering algorithm. Let TP denotes the number of sample pairs occur simultaneously in same reference communities and same detected clusters. In this way, precision-based score could be defined as , whereas recall-based score is defined as . Finally, F-score is defined as
		 		(3)
3. Parameter setting
Ensemble learning algorithm strives to combine many components of the network G into a more reliable clustering result. These components can be obtained from a base clustering algorithm with different initializations or from different clustering algorithms on a network. 
Clustering results are generated by base algorithms. Assuming that there are about one or two microbial structural patters within six particular habitats, we set number of generated clusters from 6 to 11. Our expectation is to find out all possible structural patterns within one habitat, therefore increasing cluster number for base algorithm may find out small sized clusters within one microbial habitat. Sensitive study has been performed to number of generated clusters in four base algorithms in Figure 5. The results show that it achieve better performance when generated cluster is set to 6 while higher number from 9 to 11 may lead to many small-sized cluster patterns that were far from referred meta-data of our samples and lead to poor performance on three measures. Hence, our predefined cluster number region from 6 to 11 is sufficient to identify the microbial structure patters in this study. 
Four state-of-art algorithms, Base clustering algorithms, including EM algorithm, K-mean clustering, hierarchical clustering and density-based clustering, have been used as base algorithms and applied on metagenomic matrix to generate base clustering results. Hierarchical clustering computes the cluster distance with ‘COMPLETE’ linktype, which considers the distance of all possible sample pairs between two clusters. K-mean clustering, density-based clustering and hierarchical clustering measure sample pair similarity with Euclidean distance. All base algorithms set maximal iteration with 500, minimal standard deviation with 1.0E-6 and starting seeds with 100 in the experiments.
When we combine base clustering results into one ensemble matrix, we apply the symmetric NMF-based clustering algorithm on the matrix to derive the clusters. In this step, there are three parameters need to predefined, the first one is the number of possible clusters K, the second one is the hyper-parameter  and the last one is the threshold .  is the threshold parameter to obtain the sample-cluster membership matrix. We find experimentally that  always corresponds to reasonable performance, thus, we fix the value of . Since the true number of communities is previously unknown, how to decide the number of clusters is still an open problem. However, on one hand, given several base clustering results, we could choose the one with the best performance as the initial input for the ensemble-based approach. In this way, the number of possible clusters K is the number of clusters of the initial input. On the other hand, if there is not any prior information, we could use random initialization as the input of our algorithm. In this case, the value of K could be set to relatively large since in our algorithm, the final result is obtained by filtering out irrelevance clusters through threshold . Furthermore, we experimentally find that given a base clustering result as an initial input, the performance of our algorithm is not very sensitive to the choice of . Thus, we fix the value of  to be 1 in these cases. With random initialization, the value of  may affect the performance of our algorithm. Therefore, we choose the value of  from 2-5 to 25, and selected the one which corresponds to the best performance.
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