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Abstract

We propose an unsupervised approach for analyz-
ing gene time-series datasets. Our method combines
Affinity Propagation (AP) and the spirit of consensus
clustering– extracting multiple partitions from different
time intervals. Without priori knowledge of total num-
ber of clusters and exemplars, this method holds the re-
lationship between genes through different time inter-
vals, and eliminates the influence from noises and out-
liers. We demonstrate our method with both synthetic
and real gene expression datasets showing significant
improvement in accuracy and efficiency.

1. Introduction

The DNA microarray technology allows monitoring
the expression levels for thousands of genes crossing
various time points. During distinct biological pro-
cesses, the gene expression data are collected to un-
derstand the complex dynamics of biological systems
and reveal gene activities of conditional processes such
as cell-cycle, diseases’ progression, and the responses
to external stimuli. The similar expression patterns
would be organized into a group under the assumption
that co-expressed genes share co-regulation or common
functional tasks in correlated pathways. In addition,
phenotypic responses with the production of proteins
coded by the expressed mRNAs have causal relation-
ship with the gene expression [1]. Therefore, numerous
efficient clustering algorithms have been developed for
analyzing gene expression data. Early developed meth-
ods such as k-means, hierarchical clustering and self-
organizing maps are popular for their simplicity and
availability. However, due to the noises and omissions
from neglecting relationships between successive time
points, these common algorithms have less accuracy
of classifying genes. With regarding the relationships,
Model-based clustering methods, for example, use sta-
tistical and probabilistic models to present the charac-

teristic of data [12, 7, 10, 9, 6]. The model-based meth-
ods gain advantages in high tolerance toward experi-
mental errors, though; fail in computation inefficiency
while modeling.

In this paper we propose an approach which com-
bines Affinity Propagation [4] and the spirits of consen-
sus clustering [8] to analyze the dependency between
genes at different time intervals. We select multiple
various numbers of time-points (called window sizes)
as the subset of feature vectors for Affinity Propagation
clustering in sliding-window mechanism. All clustering
solutions obtained from Affinity Propagation would be
merged for final partition by the concept of consensus
clustering. While participating in the vote of the rela-
tionship between genes at different time patterns, each
gene grade with supports (votes) – the stronger supports
they show, the higher correlations they have.

2 Methods

In this section, the proposed algorithm based on
Affinity Propagation [4], significant multi-class mem-
bership (SiMM) rule [2] and consensus clustering [8]
is described. We formulate the time-courses expres-
sion clustering problem as follows: Given a set of genes
G = {G1, G2, ..., Gn} where n is the number of genes,
and each gene Gi includes τ time points for gene ex-
pression values. These n genes would be grouped into
K disjoint clusters C1, C2, ..., CK . Figure 1 provides
the framework for the proposed algorithm.

2.1 Interval Selection for Clustering

To take the temporal relationship into account, we
use a sliding-window mechanism. For each window
with different sub-intervals, we choose these time-
points as feature vectors for clustering.

Affinity Propagation [4] based on message passing
is a powerful clustering algorithm without the anticipa-
tive number of clusters K as input. Therefore, we use
Affinity Propagation to cluster genes with each window

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.615

2504

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.615

2516

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.615

2512

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.615

2512

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.615

2512



Figure 1. The framework for the proposed
algorithm.

Figure 2. The sliding-window mechanism
for interval selection.

while discovering the relationship between genes in dif-
ferent time intervals.

For each geneGi with τ time points for gene expres-
sion values, we use a window sized w to represent the
time pattern from Gi(t) to Gi(t + w − 1) as in Figure
2. Then, the sliding-window mechanism is applied to
extract different time interval as feature vectors. That
is, we will have (τ−w+1) time patterns for each gene.
When extracting sub-interval time-series pattern from
G(t) to G(t + w + 1) as feature vectors, we calculate
the Pearson correlation coefficient for measuring simi-
larity/dissimilarity between gene expression patterns of
two genes Gi and Gj , which is defined as:

Corr(Gi, Gj)

=

∑t+w−1
l=t (Gi(l)−Gi)(Gj(l)−Gj)√∑t+w−1

l=t (Gi(l)−Gi)2
∑t+w−1
l=t (Gj(l)−Gj)2

(1)

where Gi(l) and Gj(l) are expression value at lth time
point of genes Gi and Gj , respectively. Gi and Gj are
mean values of w expression data from genes Gi and
Gj , respectively. We construct the correlation matrix
(CM) whose entries rij is the similarity Corr(Gi, Gj)
between genes Gi and Gj , and then choose the median

of the similarities as preferences for the inputs of Affin-
ity Propagation.

Then, we are able to obtain the predicted labels y of
the genes G. The adjacency matrix M is formed by the
predicted labels with entries mij defined as:

mij =

{
1, if yi = yj .

0, if yi 6= yj .
(2)

where yi and yj are the predicted labels of the genes Gi
and Gj , respectively.

For each geneGi, Affinity Propagation assigns a pre-
dicted label yi as well as the most similar exemplar.
Moreover, considering the genes which have significant
multi-class membership [2], we applied the SiMM con-
cept to filter dn× ρ%e genes as SiMM list after cluster-
ing where ρ is set as SiMM rate.

2.2 Gene-Relativity Graph Construction

For each window sized w in Section 2.1, the adja-
cency matrix M to represent the relationship between
genes will be constructed. We construct an n × n con-
sensus matrix M c

w by merging the adjacency matrix
Mu(u ∈ {1, ..., (τ − w + 1)}) as follows:

M c
w =

1

(τ − w + 1)

τ−w+1∑
u=1

Mu (3)

where (τ −w+1) is the number of adjacency matrices
because of the sliding-window mechanism for temporal
dynamics, and the element mij in the consensus matrix
M c
w indicates the possibilities that genes Gi and genes

Gj are in the same class.
Besides, we can experiment with multiple window

sizes to inspect the relationship between genes, and
combine these consensus matrices with each window
size, respectively. Suppose that we apply l window
sizes w1, w2, ..., wl, then we acquire l consensus ma-
trices M c

w1
,M c

w2
, ...,M c

wl
. We further define an aggre-

gated consensus matrix R as:

R =
1

l

l∑
u=1

M c
wu

(4)

where l is the number of windows with different sizes,
and each entry mij in the aggregated consensus matrix
R denotes the probability of two genes, Gi and Gj , ap-
pearing in the same class.

Afterwards, we construct a graph P to represent the
relationship between genes from the aggregated con-
sensus matrix R, called gene-relativity graph (P =
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(G,R)). The vertices of the gene-relativity graph cor-
respond to the genes in G, and the edges indicate the
probability that two genes appear in the same class.

Suppose that we experiment with l window sizes
w1, w2, ..., wl, we have η SiMM lists where η is the
number of times of the Affinity Propagation clustering
and derived as:

η =

l∑
i=1

(τ − wi + 1) = lτ + l −
l∑
i=1

wi (5)

Next, we examine η SiMM lists and verify whether
the gene which appears more than dη2 e times should be
removed. Finally, we obtain a new gene-relativity graph
P to replace the original one.

2.3 Graph Partitioning for Class Discovery

After the reconstruction of gene-relativity graph P ,
we can investigate the relationship between genes. A
relativity threshold σ ≥ 0.5 is chosen to convert the
graph P into a binary graph P b:

pbij =

{
1, if pij ≥ σ.
0, if pij < σ.

(6)

where pij and pbij denotes the edge weight between
genes Gi and genes Gj of P and P b, respectively.

Next, a Depth-first search algorithm is employed to
find connected components of the undirected graph P b,
which is described above. Suppose that we find L
connected components C1, C2, ..., CL, we would claim
that these L connected components are L disjoint clus-
ters C1, C2, ..., CL for results. However, some edges
weighting more than 0.5 but slightly less than relativ-
ity threshold σ in the gene-relativity graph P would be
eliminated from the binary graph P b, and it would pro-
duce several connected components (i.e. clusters) with
a few vertices (i.e. genes) when the Depth-first search
algorithm applied. These connected components with
a few vertices, called tiny-clusters, would influence the
clustering results, so we should rearrange the previous
clusters for final partition.

In order to determine which cluster is tiny-cluster,
we use a parameter ϕ to restrict the number of genes
in one cluster. A cluster is denoted as tiny-cluster
if the number of genes in this cluster is less than ϕ.
For each cluster Cp, 1 ≤ p ≤ L, the number of
genes is compared with parameter ϕ to find out L

′

tiny-clusters C1, C2, ..., CL′ with the number of genes
n1, n2, ..., nL′ , respectively.

Afterwards, we begin merging each of L
′

tiny-
clusters with L − L

′
main-clusters whose number of

Table 1. The parameters setting.
Parameter values
SiMM rate (ρ) 0% to 15%
genes in one cluster (ϕ) 1 to 15
relativity threshold (σ) 0.5 to 0.8
# of clustering times (η) 20 to 30

genes are more than ϕ. Consider each tiny-cluster
Cq, 1 ≤ q ≤ L

′
with the number of genes nq . If nq is

equal to 1, this is a singleton cluster with one gene, says
Gq . Our algorithm first finds out the geneGh which has
the highest relativity to Gq in the gene-relativity graph
P . Then, merges Cq by the following rules: (1) If the
relativity between Gq and Gh is below 0.5, the merging
process stops. Cq survives as a singleton cluster. (2)
Otherwise, if Ch is a main-cluster, we merge Cq with
Ch. And (3) Otherwise (Ch is a tiny-cluster), we merge
Cq and Ch to a new cluster whose number of genes
is nq + nh; and check the type, tiny-cluster or main-
cluster. On the other hand, if Cq is not singleton, our
algorithm calculates the mean values Gmq of these nq
gene profiles. Then, compares the maximum Pearson
correlation coefficient with the mean values Gmh which
belongs to Ch in all main-clusters. Then, merges Cq
if the Pearson correlation coefficient between Gmq and
Gmh is above 0.

Repeatedly perform the above procedure and finally
obtainK number of disjoint clustersC1, C2, ..., CK un-
til no tiny-cluster exists. Finally, we assign each SiMM
gene to one of K disjoint clusters C1, C2, ..., CK based
on the Nearest Cluster-Centroid rule.

3 Results and Discussion

We first use both synthetic and real gene expression
datasets to judged clustering accuracy with ARI (the ad-
justed Rand index) [5]. Then, the parameter settings
would be exhibited in Table 1 and finally demonstrate
the comparison of performance with other approaches.

Following [12] and [10], we synthesized two artifi-
cial datasets named Sim Data1 and Sim Data2, respec-
tively. In addition, two well-known gene expression
datasets, the Yeast galactose dataset and the Yeast cell-
cycle dataset [10].

Both synthetic datasets achieve great clustering ac-
curacy 0.9051 and 1.0000 of ARI, and the result of
Sim Data2 is slightly better because the Sim Data2
dataset excludes the linear function for being an non
cell-cycle regulation function. Based on the observa-
tion, we can draw the conclusion that the clustering ac-
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Table 2. The comparison of performance.
Method The ARI
The Yeast galactose dataset
Our algorithm 0.9746
CRF [6] 0.9478
CORE [11] ∼ 0.7
Ng et al.’s [9] 0.9780
Yeung et al.’s [12] 0.9680

The Yeast cell-cycle dataset
Our algorithm 0.5129
k-means 0.4300
Splines [3] 0.3620
HMM [10] 0.4670
CRF [6] 0.4808

curacy of the proposed algorithm relies on the choice of
relativity threshold σ, and we suggest that the relativity
threshold σ ranging from 0.55 to 0.65 be appropriate.

Then, we compared our results with other methods
in two real gene expression datasets which was showed
in Table 2. With the Yeast galactose dataset(205 genes,
20 time points), our algorithm has a maximum value
0.9746 of the ARI and only takes 45 seconds for cluster-
ing including loading time. Although the performance
of Ng et al.’s method is slightly better than ours, the
method has its inevitable limitation. That is, compared
to our algorithm without the number of cluster as input,
Ng et al.’s method would fit random-effects model with
the number of components and apply BIC (Bayesian
information criterion) for model selection to indicate
the number of clusters [9]. Users have to decide the
number of components in advance when using Ng et
al.’s method, which causes various clustering results
and thus sways the performance.

In the Yeast cell-cycle dataset(384 genes, 17 time
points), our method achieved a peak value 0.5129 of
ARI and only takes about 170 seconds each clustering
solution against varied relativity threshold σ, includ-
ing loading time. The performance of our algorithm
is better than those of k-means algorithm, the Splines
model [3], and probabilistic sequence data models such
as HMM (Hidden Markov models) [10] and CRF (con-
ditional random fields) [6].

4 Conclusion

In this paper, we presented an unsupervised cluster-
ing algorithm for analyzing time-series gene expression
data, which requires no priori knowledge. The idea

combines Affinity Propagation and consensus cluster-
ing with various time intervals providing progressive
robustness and accuracy.

Owing to the assistance in the efficiency of Affin-
ity Propagation, our proposed algorithm provides ap-
propriate and effective analysis on time-series gene ex-
pression experiments. Through the experimental results
on two real gene expression datasets, our method illus-
trates the biological relevance between these genes and
performs well.
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