Stability-based model selection for

clustering
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Clustering

+ Clustering is the art of finding groups in data (Kaufman and
Rousseeuw, 1990).

+ What is a cluster?
- Group of objects separated from other clusters

. Most clustering algorithms do not give information whether a
partition is meaningful.




The Silhouette coefficient is defined for each example

s(x) =

Silhouettes

b(x) — a(x)
max(b(x), a(x))

Sort s(x) and group by cluster:

Cluster label

-0.1 0.0

Silhouette analysis for KMeans clustering on sample data with n_clusters = 2
The silhouette plot for the various clusters.
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The visualization of the clustered data.
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The silhouette coefficient values

Figures generated using the scikit-learn silhoutte method

Feature space for the 1st feature



Silhouettes

The Silhouette coefficient is defined for each example
b —
o) = ) —al
max(b(x), a(x))

Sort s(x) and group by cluster:

Silhouette analysis for KMeans clustering on sample data with n_clusters = 4

The silhouette plot for the various clusters. The visualization of the clustered data.
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Hierarchical clustering

Algorithm outline:

Start with each data point in a separate cluster

At each step merge the closest pair of clusters - -
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Stability under sampling
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a clustering algorithm has captured some of the

structure in a dataset if clustering solutions over different

subsamples are similar.

Premise



Clustering stability
The main idea:
Perturb the data (by sampling or adding noise)

Compare pairs of clusterings (either to a reference or among
pairs of perturbed clusterings)



Comparing clusterings

It's not easy because the label of a cluster is arbitrary!
One possible solution:

Characterize a clustering using a matrix C

C.. — 1 if x; and x; belong to the same cluster and ¢ # j ,
1 0 otherwise.

Given two clusterings, compute their dot product:

(1))
Zc’ij Cij

1,]
Normalize it to be between O and 1.



Generating the distribution of cluster stability

Input: X {a dataset}, ky.x {maximum number of clusters}, num_subsamples
{number of subsamples}
Output: S(i,k) {list of similarities for each k and each pair of sub-samples

}
Require: A clustering algorithm: cluster(X, k); a similarity measure between la-
bels: S(Ll, L2)
I: f = 0.8
2: for k = 2 to kpax dO
3:  for i =1 to num_subsamples do
4 sub; =subsamp(X, f){a sub-sample with a fraction f of the data}
5: suby =subsamp(X, f)
6: Ly =cluster(sub1, k)
7 Lo =cluster(subs, k)
8 Intersect= suby N subsy
9 S(i, k) = s(Li(Intersect), Lo(Intersect)) {Compute the similarity on
the points common to both subsamples}
10:  end for
11: end for



Data

A subset of yeast genes that belong to five categories;
expression measured in 79 different conditions:
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Here are the next 3 principal components:

Data
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Stability as a function of number of clusters
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When there is no structure

k=2 k=3 k=4
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208 points distributed randomly on the unit cube
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Using stability to select how many PCs

Stability for varying number of principal components:
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Using stability to select how many PCs
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Using stability to select how many PCs

Let's put some information on the dendrogram:

i

typical neares t neighbor
distance



Conclusions

Properties of the method:
Can be used with any clustering method
Makes no assumptions about the data
Can detect lack of structure
A principled approach that seems to work well
Computationally expensive
Can be used to select other "parameters” of the clustering

Things T have not covered here:
Stability of individual clusters
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