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ABSTRACT

Machine learning techniques are increasingly popular tools
for understanding complex biological data. Prior research
has demonstrated the power of simple statistical cluster-
ing algorithms for disease class discovery and prediction.
In this work we examine the efficacy of spectral and divi-
sive clustering on gene expression microarray data. In par-
ticular we consider simultaneous expression clustering for
diagnostically challenging problems such as tumor subclass
classification and prediction. We compare spectral and divi-
sive clustering methods against existing cancer classification
datasets. Divisive clustering is notably non-parametric, enu-
merating an estimate of true class count. Using these two
clustering methods, we demonstrate a 50-60% prediction er-
ror reduction over earlier results.
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1. INTRODUCTION

Proper identification of cancerous tumors can be clinically
challenging. Distinguishing tumors of similar morpholog-
ical appearance is especially important when each require
different treatments. Evidence suggests that tumor-specific
therapies are essential to effective treatment with minimal
toxicity. The advent of gene microarrays [2] has provided
researchers and clinicians the ability to analyze thousands
of genes simultaneously. Expression levels from microarrays
enable principled methods to differentiate between e.g. tu-
mors and tumor subclasses.

Machine learning is an increasingly popular tool for under-
standing and building models of complex biological data
such as that from gene microarrays. One common tech-
nique is supervised and unsupervised clustering to partition
the experimental data. For example, clustering is used to
find similarities between gene expression patterns, discern
disease types and build evolutionary trees.

Often simple clustering algorithms are used to great effect.
This paper re-examines two prior works of microarray re-
search for oncological classification: Golub et al. [5] and
Nutt et al. [12]. Rather than collecting new data, we ask
the question: “Can more robust clustering techniques yield

higher diagnostic accuracy than obtained previously?” Our
goal is not to decry the results from other researchers, but
rather to emphasize the power of simultaneous gene expres-
sion monitoring.

As in previous research, we consider the problem of class
discovery. We examine the Golub and Nutt datasets with
spectral [11] and divisive [10] clustering. We wish to clus-
ter the experimental microarray samples based on inherent
features of the data with no a priori knowledge of the true
class. We then evaluate whether the resultant groups repre-
sent true structure or are simply random. After clustering
tumors on the basis of gene expression levels, we measure
the correspondence between the clustering and morphologi-
cal and clinical outcomes.

The primary contributions of our research are:

1. A 50-60% prediction error reduction using spectral clus-
tering over SOM and k-NN techniques used previously.

2. Novel use of non-parametric divisive clustering for tu-
mor class discovery.

2. DATA SETS

The two data sets used in this paper are taken from previ-
ously published public clinical results: Golub et al. [5] and
Nutt et al. [12].

The Golub work considers the problem of classifying acute
leukemias, in particular differentiating between acute lym-
phoblastic leukemia (ALL) and acute myeloid leukemia (AML).
Classification is traditionally performed by analyzing subtle
differences in nuclear morphology [6]. Unfortunately these
qualitative diagnoses are prone to error. In contrast, Golub
et al. use self-organizing maps (SOMs) to perform unsu-
pervised class discovery. SOMs employ a k-means centroid
strategy [8] to cluster data points based on their expres-
sion patterns. Without knowledge of the underlying AML-
ALL distinction, their celebrated result demonstrates SOMs
properly clustering tumors with few errors.

A second example of tumors which are difficult to precisely
identify on the basis of histological features are high-grade
malignant gliomas, i.e. brain tumors [7]. As with leukemias,
proper tumor classification impacts both therapeutic course
and patient prognosis. Nutt et al. utilize gene expression
profiling with a k-Nearest Neighbors (k-NN) predictor. Their



Table 1: Data Sets
| Data Set [ Examples [ Description ‘

Golub 27 ALL Acute Leukemias
11 AML
Nutt 14 GB Malignant Gliomas
7 AO

results differentiate between glioblastomas (GB) and anaplas-
tic oligodendrogliomas (AQO) with approximately 86% accu-
racy.

Table 1 summarizes the two data sets. The remainder of
this paper focuses on alternate means of clustering the data
from these previous studies.

2.1 Data Abstraction

Consider experimental data in the form of a set of gene mi-
croarray samples. Each sample consists of expression levels
corresponding to d genes. In order to computationally an-
alyze the data, we abstract each sample into a data point
in a d-dimensional space, R?. We compute the Euclidean
distance between x,y € R? as

d(x,y) = (z1 — 1) + - + (za — ya)? (1)

With this distance metric, we associate each sample with its
k nearest neighbors. The k-NN computation can be used
to construct a graph G = (V, E, W) with vertices V, edges
E and edge weights w. Vertices represent an experimental
sample and two vertices are connected by an edge e if they
are nearest neighbors. Weights are defined between all ver-
tices 4,5 € V,i # j, i.e. Wy ;. If no edge exists between 7 and
j then Wi,]’ =0.

3. SPECTRAL CLUSTERING

Both k-means clustering and self-organizing maps (SOM)
are simple and computationally efficient. From points in
R? for d genes, the algorithm beings by placing k centroid
points randomly in the space. These k initial points indicate
the number of clusters to form and correspond directly to
the number of classes. In each iteration, each data sample
is associated with the nearest centroid as measured by the
Euclidean distance in Eq. 1. The position of each centroid
is recomputed to be the graph theoretic center of all data
points associated with that centroid in the current iteration.
Once an iteration results in no data points being associated
with a different centroid, the clusters are found. The algo-
rithm is guaranteed to converge.

However, the use of centroids force a spherical interpretation
of the data and may produce poor results. For instance, [11]
contains several degenerate examples of k-means clustering.
This section considers an alternate more robust technique,
spectral clustering.

3.1 Clustering Methodology

Spectral clustering mimics a Markov random walk® [9]. The
intuitive notion is that irrespective of starting point, the ran-
dom walk will transition often between points within clusters
and seldom jump between clusters.

Spectral clustering is known to be superior in many cases,
for instance when the underlying data cannot be separated
by convex regions. By using the spectral properties of the
graph, one can mimic a random walk.

For brevity, we omit a full description of spectral clustering;
details are available in e.g. [13]. At a high-level, spectral
clustering employs the following four-steps:

1. Construct neighbor graph using k-NN to add edges

2. Assign edge weights exponentially proportional to dis-
tance

3. Define transition probability over edges

4. Cluster based on eigenvectors of probability matrix

Spectral clustering builds a neighbor graph whose edge weights
are proportional to the Euclidean distance in R%. To con-
struct the neighbor graph, assign weights based on Euclidean
distance with exponential fall-off. If an edge exists between
vertices ¢ and j in the graph, then weight W; ; is:

Wi; = e—ﬁl\zi—zj Il (2)

In our experiments, 8 = 1. In order to model the Markov
random walk over the graph, we first normalize edge weights
to form transition probabilities. Let P; ; be the probability
of transitioning from vertex ¢ to j:

Wi,

Pj= il
»J Z] WZ,]

®3)

Where the random walk is modeled after ¢ random steps as
P?. The distribution of points converges as ¢ increases. If
graph is connected and ergodic, the distribution becomes in-
dependent of the starting point. Spectral clustering recovers
the random walk effect from the eigenvectors of the graph
Laplacian.

3.2 Results

We apply spectral clustering to the Golub and Nutt data
sets. We compute the number of misclassifications as a func-
tion of the number of nearest neighbors. Figure 1(a) depicts
the clustering performance on the Golub data where the
baseline performance of four misclassifications is given by
the SOM result. Two points bear immediate notice. First,
the performance is sensitive to the number of nearest neigh-
bors. However, given a proper choice of nearest neighbors,
the number of misclassifications is half that of SOM.

Despite this mixed result, Figure 1(b) shows the clustering
performance on the Nutt data. For all choices of nearest
neighbors spectral clustering provides improved classifica-
tion results.

!Other interpretations of spectral clustering exist including
graph cut; we focus on random walks as most intuitive.
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Figure 1: Spectral Clustering of Gene Expression Microarray Data into Oncological Class

4. DIVISIVE CLUSTERING

Next we examine a divisive clustering algorithm. From a
k-nearest neighbors graph, we determine the “betweenness
centrality,” i.e. the number of shortest paths traversing each
edge in the graph. We then remove edges in decreasing be-
tweenness value, calculating a modularity score at each step.
The graph with the best modularity score determines the op-
timal clustering. This algorithm is attractive because it does
not require a priori knowledge of the number of clusters.

4.1 Betweenness Centrality

We use a recently developed divisive rather than agglomera-
tive algorithm from Newman [10] that has empirically been
shown to produce better results. Newman’s algorithm relies
on the notion of “betweenness centrality” of nodes.

For G = (V, E), let 0+ be the number of shortest paths from
s to t in G. By convention, ss = 1. Define os:(v) as the
number of shortest paths from s to ¢ on which v € V lies.
Let the pair-dependency of nodes s, t on v be ds¢(v) = Uf:ii”)
Thus the pair-dependency is simply the ratio of the number
of shortest paths between s and ¢ that v lies on.

The betweenness centrality [3] of a vertex v € V is the ratio
of the number of shortest paths involving v, to the total
number of shortest paths, taken over all vertex pairs (7, ) €
V. In other words betweenness centrality is a metric of the
relative importance of a particular node in the network.

Formally, the betweenness centrality for a node v is:

)= 3 WS s @

o
e sEvALEV

In the naive approach, calculating betweenness centrality
is dominated by computing the sum of pair-dependencies
which has a running time complexity of O(ng). Fortunately,
Brandes presents an fast algorithm that requires O(nm)
time and O(n + m) space [1].

We modify Brandes’ algorithm for vertex betweenness cen-
trality to compute edge betweenness, i.e. the number of
shortest paths traversing each edge in the network. Thus,
edge betweenness can be seen as the traffic flow along an
edge when all nodes in the graph source traffic to all other
nodes. Formally, we define the betweenness centrality for an
edge e as:

Coe)= > —”;(f) (5)

s#LEV

Where os¢(e) is the number of shortest paths from s to ¢
that contain edge e.

The output of our algorithm is an adjacency matrix B where
B;; = Bj,; corresponds to the betweenness centrality of
the undirected edge between nodes ¢ and j in G. Formal
correctness guarantees are given in detail in Brandes’ full

paper [1].

4.2 Newman Community Algorithm

Both divisive and agglomerative methods suffer from a com-
mon problem: when to stop adding or removing edges. New-
man proposes the “modularity” function Q). Let ¢;; be the
fraction of edges in the network that connect vertices in
group ¢ to group j. Groups, which we expand upon when
presenting the algorithm, are the connected components of
the graph. Then:

Q= Z(% —a}) (6)

where a; = Zj ¢ij. Intuitively, @ is the fraction of edges
that lie within communities minus the expected value of the
fraction of edges that lie within communities in a randomly
constructed graph. As pointed out by Newman, a value
of Q = 0 is indicative of community structure that is no
more prevalent than would be expected if the graph were
constructed randomly with the same degree as the original
graph.



Newman’s algorithm [10] for finding community structure is
the following four-steps:

1. Determine edge betweenness centrality for all edges.
Sort edges by non-increasing centrality.

2. While edges remain, remove the edge with the highest
centrality. Ties are broken randomly.

3. Compute the modularity, @, for each resultant graph.

4. Once all edges are removed, output the graph with
the highest modularity score. This graph represents
the inherent community structure in the original input
graph.

4.3 Results

We apply the divisive clustering algorithm to the Golub and
Nutt data sets. While the modularity score eliminates the
need to know the number of classes a priori, we must still
create the initial connected graph. We again use k-NN from
the gene expression data. To visualize the clusterings si-
multaneously with the true tumor subclass type, we use the
Graphviz [4] package.

Figure 2(a) shows a representation of a k = 6 nearest neigh-
bors graph while 2(b) depicts the graph structure after di-
visive clustering. Note that the red and green vertex colors
indicate the true tumor subclass, either ALL or AML. The
visual interpretation of the results clearly shows two distinct
clusters. There is one misclassification in each of the green
and red clusters. However, the misclassified green node is
only weakly connected to the strongly connected red nodes.
While k£ = 6 gives the best performance, we obtain similar
results when varying k, suggesting that the divisive cluster-
ing algorithm works well. Without a priori knowledge of the
number of actual classes, unsupervised divisive clustering in
this example found the two true classes.

Unfortunately, divisive clustering performs poorly on the
Nutt data set. Figure 3(a) gives the kK = 4 nearest neigh-
bor graph of the data where red and green vertices indicate
the true tumor type. After divisive clustering, the graph
contains five connected components. While the accuracy is
high (the five node component contains no misclasifications
and the nine node component contains only one misclassifi-
cation), the recall is poor if there are indeed only two true
classes. Again, we obtain similar results when varying k,
implying that the divisive clustering has mixed performance
on this data set. However, we entertain the possibility that
additional unknown subclasses may exist.

S. CONCLUSION

In this work, we use existing oncological data sets and ap-
plied two robust clustering techniques. Spectral clustering
outperformed traditional methods by as much as 60%, but
appears sensitive to parameter selection. Future research
includes finding a different approach to graph edge weight
selection.

To understand the inherent classes present in the data, we
use a new non-parametric divisive clustering method from
Newman. This unsupervised clustering algorithm performed

very well on the first data set, but produced mixed results
on the second.

Computational methods combined with gene expression data
is giving new light to diagnostically challenging classifica-
tion and prediction problems. Our results suggest that re-
searchers may wish to consider the robust methods of spec-
tral and divisive clustering for DNA microarray data analy-
sis.
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(a) k = 6 Nearest Neighbors Graph (b) Resultant Clusters

Figure 2: Divisive clustering of Golub ALL/AML data. Vertex colors indicate true tumor subclass type.

(a) k = 4 Nearest Neighbors Graph (b) Resultant Clusters

Figure 3: Divisive clustering of Nutt Gliomas data. Vertex colors indicate true tumor subclass type.



