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Introduction

resulting from clustering microarray data where removing one data item leads to a markedly change of
the cluster result. In previous work [3] we showed
that clustering became more robust against modifications on the data set by using constraints.
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Clustering is an important technique in the explorative data analysis and is applied in many different disciplines such as text mining, marketing,
psychology and biology. The aim of cluster analysis is to identify either a grouping into a specified
number of clusters or a hierarchy of nested partitions. In contrast to supervised machine learning techniques cluster analysis does not need a
teacher signal. Therefore clustering is often used
when no knowledge about the structure of the data
is present. In some tasks, however, limited background knowledge may be available. This might be
a set of labels for a small amount of data or known
relations between some data items. Wagstaff and
Cardie [1] suggest to model the relationship between pairs of data items as must-link and cannotlink constraints. Must-links indicate that two objects must be in the same cluster and on the contrary cannot-links denote that two objects should
not be grouped together.
The focus of our research interest lies on the
functional grouping of genes or the preclassification of gene profiles. Functional genomics as part
of molecular biology aims to provide a link between
genomic information and biological functions as for
example determining a relation between gene expression patterns and tumor status. Microarray
data mining is an important issue in studying biological processes. As hierarchical clustering algorithms can predict a basic branching structure they
are often used in this context [2]. Limitations in
the reproducibility of clustering results after small
modifications of the data set motivated us to include background knowledge into the hierarchical
clustering process. Figure 1 shows a dendrogram
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Figure 1: Example for the instability problem in hierarchical cluster analysis. The data is taken from expression profiles of pancreatic ductal adenocarcinoma
(DAC) and normal pancreas (DUKTI), see [4]. On the
left a dendrogram resulting from a hierarchical cluster
analysis of the data set is shown. By removing one sample (DAC.8) the structure of the resulting dendrogram
changes markedly.

In recent years various partitional cluster algorithms were adapted to make use of this kind of
background information either by constraining the
search process or by modifiying the underlying metric. It has been shown that including background
knowledge might improve the accuracy of cluster
results, i.e. the computed clusters better match a
given classification of the data [1, 5, 6, 7, 8, 9, 10].
Basu et al. [11] proposed a probabilistic framework for semi-supervised clustering based on Hidden Markov Random Fields. Kulis et al. [12]
demonstrated how to generalize this model to optimize a number of different graph clustering ob1

jectives like ratio cut or normalized cut described Algorithm 1 Semigraster
by Chan et al. [13] and Shi and Malik [14] respec1. Set up the graph:
tively. Recently Yan and Domeniconi [15] proposed
– Build the N × N adjacency matrix of the
an extension of this partitional clustering method
fully connected undirected graph representing
based on an adaptive kernel method. Davidson et
the data set.
al. [16] proposed a method to include background
– Compute the edge weights of the graph, e.g.
knowledge in agglomerative hierarchical clustering.
using a function of the weighted distance beIn Kestler et al. [3] we analysed the effects of contween adjacent nodes.
straints on hierarchical clustering and identified important limitations in the use of background knowl2. Include the background knowledge:
edge on hierarchical clustering. We suggested a new
– Set the edge weights of all edges with cannotsemi-supervised divisive hierarchical cluster algolinks to 0 and with must-links to Inf .
rithm which overcomes these restrictions.
3. Enhance the edge weights:
In the next Section we present a new semi– Compute random walks of lenght k originatsupervised divisive hierarchical graph clustering aling from all nodes in X.
gorithm that uses constraints to influence the clus– Compare the paths of random walks from
tering process of a weighted undirected graph. The
all adjacent nodes by their similarity. Amclustering is done by repeatedly removing edges
plify edge weigths between nodes with similar
starting from a fully connected graph. Harel and
random paths. Reduce edge weights between
Coren [17] proposed an agglomerative hierarchical
nodes with differing random paths.
clustering method with a preprocessing step based
on random walks and showed that a comparison of
4. Compute the dendrogram:
the paths originating from random walks between
– Sequently remove edges indicating a low simadjacent data points induced improved cluster sepilarity between adjacent nodes and save emergarating edges. We included a similar preprocessing
ing clusters.
step to reduce the influence of chaining points and
to amplify the influence of the background knowledge.
In Section 3 we mention first results from an artinodes and ∆ is the average Euclidean distance beficial example as well as from a real world microartween two adjacent nodes in the graph.
ray experiment.
After initialising the graph structure all background information is added. A must-link indicates
2 The Algorithm
that two data items must be in the same cluster and
is used by setting the weight of the edge connectThe basic clustering task may be summarized as ing the participating nodes to a predefined maximal
follows. Let X = {x1 , . . . , xn } be a set of data items value. A cannot-link indicates that two data items
with the feature vector xl ∈ Rd . X is split into should not be in the same cluster and is used by
a partition P containing k clusters p1 , p2 , . . . , pk setting the weight to 0.
by
Sk grouping similar objects together such that
Clustering a weighted undirected graph by subi=1 pi = X, pi 6= ∅ and pi ∩ pj = ∅ , i 6= j. A sequently removing edges with low weights may be
hierarchical clustering algorithm builds a nested sehindered by chaining nodes. Like in a single linkage
quence of such partitions.
agglomerative clustering a chain of adjacent nodes
Algorithm 1 summarises our new semi-supermay connect two distant clusters and thus hinder
vised divisive hierarchical clustering procedure. In
a splitting of spatially separated clusters. We enthis graph clustering approach we model the data
hance the elimination of these nodes by applying
as a weighted undirected graph. Each edge of the
a preprocessing based on random walks. A ranfully connected graph is weighted by thedistance 
D
dom walk on graphs is a stochastic process where
2
of the associated nodes with D = exp − d(a,b)
, a path to all neighbours of a start node is found by
∆2
where d(i, j) is the Euclidean distance between two randomly choosing a connecting edge. The proba2

croarrays containing 6567 genes were used.
To test the robustness of the clustering method
we clustered 100 times after randomly removing up
to 10% of the data and compared the different cluster results on the top level of the dendrogram by
using the Constrained Rand Index [1]. The Rand
Index evaluates the number of coincident cluster
assignments for each pair of data items in two different cluster results. Because some assignments
are fixed due to the given constraints this index is
corrected for the background knowledge. Table 1
summarises the results from an analysis of the influence of background knowledge on both data sets.
It could be seen that even with a small amount of
constraints the stability of the dendrograms is enhanced.

bility of a transition between nodes i and j is set to
pij = w(i,j)
di , where w(i, j) is the weight of the associated edge and di is the weighted degree of node
k
i. Then Pvisit
(i) is the vector whose j-th entry denotes that a random walk originating at node i will
≤k
(i) defined by
visit node j in its k-th step and Pvisit
Pk
l
P
(i)
denotes
the
probabilty
of a random
l=1 visit
walk to visit node j at least in its k-th step. A
comparison of two random walks originating from
nodes i and j leads to an estimation of the overlap
between their neighbourhoods. The neighbourhood
of two chaining nodes is less similar than the neighbourhood of two nodes from the same cluster. In
order to compare the neighbourhood of two adjacent nodes we evaluate the probability of the random walks of length k starting from i and j to visit
almost the same nodes. The neighbourhood similarity of nodes i and j is computed by the cosine
≤k
≤k
correlation between Pvisit
(i) and Pvisit
(j). Our algorithm reduces the edge weights between nodes
with differing random paths and amplifies those
with similar random paths. During this step background knowledge constraining an edge is propagated to the neighbourhood of the constrained
nodes and might further enhance the detection of
chaining nodes.
After the preprocessing step the clustering is
done by repeatedly removing edges between nodes
with small neighbourhood similarity. A cluster is
separated as soon as all edges connecting two different neighbourhoods are removed. This procedure
leads to a natural subsequent decomposition of the
graph following the single-linkage cluster paradigm.
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Table 1: Stability of clustering the artificial and childhood cancer data sets after randomly removing and
constraining some data items. The table displays a
summary of the Constrained Rand Index values from
different runs. The percentage of held out and constrained data items is denoted with cut and const.

Artificial example
1% cut, unconst
1% cut, 1% const
10% cut, unconst
10% cut, 1% const
10% cut, 20% const
Childhood cancer
1% cut, unconst
1% cut, 10% const
10% cut, unconst
10% cut, 10% const

First Results

For a first look on the applicability of the proposed
algorithm we tested its impact on clustering an artificial data set and a real world microarray data set.
The artificial data set contains three clusters in a
two-dimensional space arranged to form a triangular so a hierarchical clustering is very susceptible
to modifications on the data set. The microarray
data set is taken from a study on small round blue
cell tumours of childhood [18]. It contains neuroblastoma samples (NB), rhabdomyosarcoma samples
(RMS), non-Hodgkin lymphoma samples (NHL)
and samples from the Ewing family of tumors
(EWS). Gene expression data from glass cDNA mi-
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median

mean

max

0.95
1.00
0.89
1.00
1.00

0.95
1.00
0.76
0.83
0.83

1.00
1.00
1.00
1.00
1.00

0.68
0.70
0.66
0.70

0.69
0.74
0.69
0.73

1.00
1.00
1.00
1.00

Conclusion

Unlike related projects on semi-supervised machine
learning we are interested in hierarchical clustering.
Our main interest concerns the enhancement of robustness in the hierarchical clustering task. In this
paper we described a way to include background
knowledge into a hierarchical graph clustering algorithm. Additionally we supported the clustering method by a preprocessing step using random
walks. We showed that our approach builds more
3

stable dendrograms than an unconstrained hierarchical clustering algorithm. All effects of manipulating the graph structure can be traced as every
step of the proposed clustering procedure operates
on an adjacency matrix. This enables estimating
the influence of single constraints during the clustering process.
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