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Figure 1: Cohesion-dispersion outcome for CART. We show two pairs of
Cohesion-dispersion graphs. First, on the left, we display cohesion, and then,
on the right, dispersion. Cohesion graphs show likelihood in the y-axis and the
regularization parameter on the x-axis. Dispersion graphs are next to the right,
and they present likelihood in the y-axis and cluster separation on the x-axis.
There is one dispersion curve per regularization parameter. The figure rows
show the same problem in increasing dimensions: 2, 10, and 100.
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Figure 2: Cohesion-dispersion outcome for RF. We show two pairs of Cohesion-
dispersion graphs. First, on the left, we display cohesion, and then, on the right,
dispersion. Cohesion graphs show likelihood in the y-axis and the regularization
Dispersion graphs are next to the right, and they
present likelihood in the y-axis and cluster separation on the x-axis. There is
one dispersion curve per regularization parameter. The figure rows show the

parameter on the x-axis.
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same problem in increasing dimensions: 2, 10, and 100.
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Figure 3: Solution likelihood outcome for CART. The curves show Ex(p(Y; =
1/X)) for a varying number of clusters and regularization values. The data used

is the same as in Figure 1. The dataset is analyzed for dimensionality (a) 2, (b)
10, and (100).
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Figure 4: Solution likelihood outcome for RF. The curves show Ex(p(Y; =
1/X)) for a varying number of clusters and regularization values. The data

used is the same as in Figure 2. The dataset is analyzed for dimensionality (a)
2, (b) 10, and (100).
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(b) Lung-A 2 clusters (c) Lung-A 2 clusters (d) Lung-A 2 clusters (e) Lung-A 2 clusters
GMM K-Means HC-av HC-co
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(n) Lung-A 5 clusters (o) Lung-A 5 clusters (p) Lung-A 5 clusters (q) Lung-A 5 clusters
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Figure 5: Lung-A dataset. Panel (a) shows the true clusters scatter plot pro-
duced using Pedregosa et al. [2011] T-SNE version with the default setup.
Then, clustering solutions are sorted by column according to {GMM, K —
Means, HC — av, HC — co}. The figure rows show {2,3,4,5} clusters solu-

tions.



