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from high-throughput continuous data, by automatically finding an optimal cutoff , - — . ,
for the distribution of the data. Based on the right-skew nature of biological data Table 1. Summary of the datasets used in the study. “TCGA” included indications for which normal

variance distribution, MADVAR finds and excludes the "0 variance peak” using the :  samples were available. CO: Champions Oncology datasets. TPM: Tags per million. Columns “Above 20%",
median of the distrib'utions and the median absolute deviation (MAD). MADVAR . "“Above 80%", “MADVAR” show the number of features left after applying the corresponding filter.

Figure 3. The Dunn Index is the ratio of the smallest distance between observations
not in the same cluster to the largest intra-cluster distance. The Dunn Index has a
value between zero and infinity and should be maximized. hc: hierarchical clustering.
Pam: partition around medoids

enables a faster analysis with a reduced memory requirement, and dramatically
improves clustering results with minimal loss of relevant features.
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(fig.2-4, respectively), where the number of clusters (k) was applied according to the
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lowest mean or median error rate in the majority of datasets (fig. 5). Figure 2. The connectivity indicates the degree of connectedness of the clusters, as determined by

the k-nearest neighbors. The connectivity has a value between 0 and infinity and should
be minimized. hc: hierarchical clustering. Pam: partition around medoids
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