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Abstract
It has been a challenging task to integrate high-throughput data into investigations of the systematic and dynamic organization of
biological networks. Here, we presented a simple hierarchical clustering algorithm that goes a long way to achieve this aim. Our method
eﬀectively reveals the modular structure of the yeast protein–protein interaction network and distinguishes protein complexes from functional modules by integrating high-throughput protein–protein interaction data with the added subcellular localization and expression
proﬁle data. Furthermore, we take advantage of the detected modules to provide a reliably functional context for the uncharacterized
components within modules. On the other hand, the integration of various protein–protein association information makes our method
robust to false-positives, especially for derived protein complexes. More importantly, this simple method can be extended naturally to
other types of data fusion and provides a framework for the study of more comprehensive properties of the biological network and other
forms of complex networks.
Ó 2006 Elsevier Inc. All rights reserved.
Keywords: Integrated analysis of multiple data sources; Hierarchical clustering algorithm; Protein–protein interaction network; Modular structure of
biological networks

In the post-genomic era, with the ever-increasing
amounts of high-throughput data available [1–7], more
attention is being paid to how to comprehensively integrate
these data to understand the functions of individual proteins as well as to further investigate the systematic and
dynamic organization of biological networks. Some progress has been made in predicting protein–protein interactions and annotating uncharacterized proteins using the
Bayesian methods [8,9]. In this study, a simple hierarchical
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clustering algorithm is employed to uncover the modular
structure of the network by integrating various protein–
protein association data. By ‘‘network’’ is here meant the
protein–protein interaction (PPI) network, in which proteins are depicted as vertices and interactions as undirected
edges.
Important statistical characteristics of PPI networks
have been discussed in earlier studies, such as topological
properties [10,11], motifs [12], and the modular architecture
in which proteins have more interactions within modules
than with the rest of the network [13]. The analysis of modules is useful for reduction of network complexity and
extraction of biological information from the network,
and it has also made some progress in studying the
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evolution of networks [14]. The module can be understood
as a separated substructure of a network, members in the
same module having strong functional associations with
each other [13]. The reliably functional predictions can be
provided for uncharacterized protein components in terms
of the functional coherency within the derived modules
[15–17].
In general, two types of modules are distinguished based
on diﬀerent biological properties [16]. Protein complexes
are deﬁned as groups of proteins that bind each other at
the same time and place, forming a stably multimolecular
machine, such as a transcription factor complex. In a more
generic way, the functional module often contains protein
complexes, but conceptually it consists of proteins that participate in a common cellular process (such as a biochemical pathway, etc.). With diﬀerent dynamic requirement for
protein–protein dosage relationship, the protein complex
and functional module generally have diﬀerent expression
proﬁles. However, without temporal and spatial information, it is diﬃcult to distinguish protein complexes from
dynamic functional modules from the topological structure
of the PPI network alone [16]. Integrating the PPI network
with the added spatio-temporal information seems one of
the solutions to change the situation.
Unsupervised clustering methods have been recently
developed and successfully used in the analysis of the
expression patterns [6] and the modular structure of the
budding yeast PPI network [15–20]. In this paper, we present a simple hierarchical clustering method that integrates
multiple data sources. The method is developed from our
earlier approach in which the adjacency matrix of the
PPI network is employed as the similarity matrix for the
clustering [20].
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In theory, interacting proteins tend to be localized in the
same subcellular compartments [21] and are more likely to
have similar expression proﬁles [22]. We also observed
these characteristics in the yeast PPI networks, especially
signiﬁcant in protein pairs of protein complexes (see Additional Fig. 1). By integrating the protein–protein interaction data with subcellular localization data and
expression proﬁle data, our clustering method eﬀectively
reveals the information-rich modular structure of the network and distinguishes protein complexes from functional
modules (Fig. 1). We provide a functional context for the
uncharacterized components within functional modules
with high conﬁdence based on the functional coherency
of proteins within functional modules. Moreover, our clustering result is also robust to false-positives in experimental
data by the integration of the heterogeneous data, especially for derived protein complexes. What is more valuable is
that this simple method can be extended naturally to other
types of biological data fusion to study more comprehensive characteristics of the biological network, as well as in
analysis of other forms of complex networks, such as technological (e.g., internet, world-wide web), ecological, and
social networks.
Methods
Data source. We assembled a PPI network containing 4537 budding
yeast (Saccharomyces cerevisiae) proteins and 13,344 physical interactions
obtained with the two-hybrid assay [2], HMS-PCI [3], and TAP methods
[4]. The global subcellular localization data in which proteins are classiﬁed
into 22 distinct subcellular localization categories [5] and integrated
expression proﬁle data containing 643 condition/time points [7] were
included to provide spatio-temporal information in the analysis of the
modular architecture of yeast PPI network.

Fig. 1. Integrated analysis reveals modular structure of the PPI network with the spatial and temporal information included. The ﬁgure is a general outline
that visualizes the spatio-temporal information within the modules, and clearly reveals the relationship between protein complexes and functional modules
by integrating the protein–protein interaction data with subcellular localization data and expression proﬁle data. That is, a functional module consists of
proteins that participate in a common biological process at the same time or place; in contrast, protein complexes are the intersections of co-localized and
co-expressed protein groups that are usually included in the functional modules.
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Hierarchical clustering algorithm. The PPI network can be represented
as a bi-directed graph G(V, E), in which proteins are depicted as vertices
and the interactions between them as edges. Let the adjacency matrix
denote the interaction information, where A = (aij), aij = 1 when there is
an edge between vertices i and j, and aij = 0 otherwise. Then, the adjacency
matrix A of the PPI network is deﬁned as:

1 hi; ji have an interaction
A ¼ ðaij Þ; aij ¼
ð1Þ
0 otherwise
Other protein–protein association information can be depicted in a
similar way. For the spatial consistency information of the subcellular
localization, the localization matrix L, it follows that:

1 hi; ji is in the same subcellular compartment
ð2Þ
L ¼ ðLij Þ; Lij ¼
0 otherwise
For the gene expression proﬁle information, let E = (eij) be the matrix,
where the Pearson correlation coeﬃcient eij describes the temporal consistency of the expression levels between proteins. The Pearson correlation
coeﬃcient takes the form:
ðiÞ
ðjÞ
X
ðX k  X ðiÞ ÞðX k  X ðjÞ Þ
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
E ¼ ðeij Þ; eij ¼ C Pearson ði; jÞ ¼
ð3Þ
P ðiÞ
P
2
ðjÞ 2
k
ðX p  X ðiÞ Þ  ðX ðjÞ
q X Þ
p

q

ðiÞ

where X k is the primary data for protein i under condition k and X ðiÞ is set
to the mean of observations on the protein i.
Average-linkage hierarchical clustering has been successfully used in
the analysis of expression patterns [6] and the PPI network [20]. In this
paper, we have developed an improved average-linkage hierarchical clustering method to integrate multiple data sources. The proximity between
two protein groups M and N is deﬁned as PMN:
ð4Þ
P MN ¼ DMN ð1 þ BMN Þ
X
1
amn
ð5Þ
DMN ¼
jMjjN j m2M;n2N
BMN ¼

1
jMjjN j

X

bmn

ð7Þ

ADJE : P MN ¼ DMN ð1 þ EMN Þ

ð8Þ

ADJB : P MN ¼ DMN ð1 þ LMN Þð1 þ EMN Þ

ð9Þ

This agglomerative method was employed to generate a hierarchical
clustering tree by the greedy algorithm. After adding the spatio-temporal
information, these hierarchical clustering methods ensure that co-localized
and co-expressed protein groups should be clustered ﬁrst. The scale of the
proximity value in the ADJL or ADJE methods ranges from zero to two,
and from zero to four in ADJB method.
The F-measure of a complex. The reduced F-measure [23] was introduced to measure the correspondence between a branch in the clustering
tree and MIPS (Munich Information Center for Protein Sequences)
complex annotation [24]. Given a particular complex Cr of size nr and a
particular cluster Si of size ni, suppose nri proteins in the cluster Si belong
to Cr, then the F-measure between this complex and cluster is deﬁned as:
2nri
nr þ ni

ð11Þ

The P-value of a functional module. For each cluster we used the
hypergeometric distribution P-value to model the probability of by chance
observing at least k proteins in a cluster size n belonging to a category
containing C proteins in a total genome size of G proteins, such that the
P-value is given by
 

C
GC
k1
X
i
ni
 
ð12Þ
P ¼1
G
i¼0
n
The above test measures whether a cluster is more enriched with proteins
from a particular category than that would be expected by chance. It is
taken to be a signiﬁcant biologically functional module if the P-value is
less than 0.001 based on the Bonferroni correction for multiple independent hypotheses (0.01/N, where N is the number of categories in the MIPS
annotations, herein N = 12) [21,24,25]. We manually assigned each derived module the functional category with the lowest P-value, and used
this to evaluate diﬀerent clustering methods and annotate uncharacterized
proteins within modules.
Linkage density of a cluster in the network. The linkage density (LD) of
a cluster in a particular network can be deﬁned as:
P
2  mij
i;j
LD ¼
ð13Þ
N  ðN  1Þ
where mij is the protein–protein association information matrix, i andj denote the vertexes in the cluster, and N is the size of the cluster. For the PPI
network, mij is just the adjacency matrix A, and the linkage density shows
the tendency for a cluster to form a quasi-clique. Similarly, in the colocation and the co-expression networks, mij is deﬁned as matrix L and
matrix E, respectively; the linkage densities of these indicating the fractions of co-located or co-expressed components of the clusters.

Results

DMN represents the linkage density between two protein groups in the
PPI network with protein numbers jMj and jNj, respectively. In this
context, BMN describes the similarity of other association information
between protein groups, where the matrix bmn is either L or E representing
the added spatial and temporal information, respectively.
We integrated the PPI network with the added spatial information,
temporal information or both. Thus, for the clustering, we deﬁned the
proximity in three diﬀerent ways, as follows:

F ðC r ; S i Þ ¼

S2T

ð6Þ

m2M;n2N

ADJL : P MN ¼ DMN ð1 þ LMN Þ

F -measureðC r Þ ¼ max F ðC r ; S i Þ

ð10Þ

where an F-measure close to 1 means that the complex and the cluster have a
similar set of proteins. The F-measure of complex Cr is the maximum F-measure value attained by any branch in the hierarchical clustering tree. That is,

We applied our method to the yeast protein–protein
interaction data set, combining the global subcellular localization data [5] and the integrated expression proﬁle data
[7] as the spatial and temporal information of the PPI network (see Methods). The clustering result was displayed
using TreeView [6] and our PINC [20] with functional
annotations [21,24] and spatio-temporal association information (see Additional Files).
The ADJB tree performs better than four previously reported
methods
In order to illustrate the advantages of the methods, we
also applied four previously reported methods including
those of methods (Rives and Galitski [17], Samanta and
Liang [15], Brun et al. [18], and our earlier ADJW method
[20]) on the PPI network, and compared them to our
ADJL, ADJE, and ADJB methods according to (a) biological information enrichment and (b) correspondence
between clustered branches and experimental protein
complexes.
Biological information enrichment is an important criterion for evaluation of a clustering method. Applying the
MIPS functional annotations [21,24], the P-value was
introduced to measure these enrichments in a clustering
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tree. We calculated the P-value of each branch in the seven
trees. Compared to other trees, biological information is
more enriched through clustering by ADJB and ADJL
than through clustering by other methods (Fig. 2A).
Second, the F-measure was used to measure the correspondence between the clustering branch and the experimental protein complex. We calculated the coincidences
between 260 known complexes from the MIPS database
[24] and the branches in the above seven trees. The
F-measure of a particular complex is the maximum
F-measure value attained to any branch in the hierarchical clustering tree. Measured by this criterion, the ADJB
tree performs better than any of the other six clustering
trees (Fig. 2B).

A

B

Fig. 2. Comparisons of the clustering methods. (A) Comparison with
respect to the enrichment of biological information in the hierarchical
clustering trees. Applying MIPS functional annotations [21,24], the
P-value was introduced to measure the biological information enrichment
in a clustering tree. We calculated the P-value of each branch in the trees.
On the Y-axis we plot the number of proteins in the branches, which
achieve the P-value in the corresponding X-axis value or less. (B)
Comparison with respect to discovered complexes. The F-measure values
were calculated for a list of 260 protein complexes from MIPS [24]. The Fmeasure of a particular complex is the maximum F-measure value attained
at any branch in the hierarchical clustering tree. The Y-axis presents the
number of protein complexes, which achieve the F-measure in the
corresponding X-axis value or more (see Methods).
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The ADJB method better highlights protein complexes from
the PPI network
Generally speaking, it is diﬃcult to distinguish protein
complexes from functional modules in the hierarchical
clustering tree. However, as integrating both spatial and
temporal information, the ADJB method better highlights
protein complexes from the PPI network than methods
without this amount of information, and ensures that the
co-localized and co-expressed protein groups are clustered
ﬁrst in the agglomerative clustering process. In the ADJB
tree, we take the proximity PMN as the parameter to delimit
protein complexes. Using this method the spatial and temporal consistency of the proteins of clusters degrades gradually as the PMN value falls during agglomerative
clustering. We experimented with a range of values for
PMN whilst observing the F-measure values of the MIPS
experimental complexes [24] in the ADJB tree. Fig. 3 shows
that, for experimentally veriﬁed complexes, the highest
number of best-matched clusters appears when PMN
approaches 1. This means that the protein complex information is more enriched when taking 1 as the optimal value. Thus, we used 1 as the lower bound for delimitation of
complex-like clusters in the ADJB tree. (A complete list of
the above co-localized and co-expressed clusters is found in
Additional Table 1, which also includes some related information, such as linkage density information of clusters and
MIPS annotations [24]). We hope this information may be
helpful to experimentalists for identifying possible
unknown or poorly studied complexes.
To test the biological function coherence of proteins in
the derived functional modules, we computed the fractions
of functional categories in each derived functional module
associated with MIPS annotations [21,24]. We found that
in 71% of functional modules, more than 50% of annotated
constituent proteins belong to the same functional category
as we had assigned manually to the module with the lowest

Fig. 3. Choice of PMN value to delimit protein complexes in the ADJB
tree. We tested with a range of values for PMN and observed the F-measure
values of the MIPS experimental complexes [24] in the ADJB tree. The
ﬁgure shows that for experimental complexes, the highest number of wellmatched clusters appears when PMN approaches 1.
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P-value. This indicates that most of proteins in the modules
are involved in the same biological process. Using the functional coherency to analyze the derived modules, we predicted functions for 108 proteins annotated in the latest
update of MIPS database [24] (June 20, 2005 release),
obtaining 55% with very good agreement with the MIPS
annotation (Additional Table 2).
The ADJB method is more robust to false-positives in all
perturbed networks
The realization of computational strategies usually
depends on the limitations of experimental data, and in
A

B

high-throughput interaction screens is commonly a high
rate of false positives [21]. To investigate the extent to
which false positives aﬀected the clustering tree, we randomly removed 10–90% of the links, added 10–100% links,
and rewired 10–100% of the links without changing the
power-law nature in the PPI network. We evaluated the
robustness of our ADJB method by comparing the average
F-measure values of 260 known protein complexes [24] in
the original and the perturbed networks. We likewise
compared the numbers of computational modules in the
original and the perturbed networks. As Fig. 4A shows,
noise in the form of random addition of interactions has
less deteriorating eﬀect than other forms of perturbations.
Even after adding links up to two times the original
number, our ADJB method still does well in retaining colocalized and co-expressed protein groups, thus, clustering
of a PPI network added temporal and spatial data eﬀectively resisted the eﬀects of false positives. The numbers of
computational modules went down in the noisy networks,
but even after increasing the number of interactions by
100% we were still able to detect more than 50% of the
functional modules found in the original network (Fig. 4B).
More importantly, compared to our earlier ADJW
method [20], the ADJB method is more robust to false-positives in all perturbed networks (Fig. 4). The increased
robustness of the ADJB method to false-positive noise arises from the integration of heterogeneous protein–protein
association information to the PPI network.
On the other hand, nearly no functional modules are
found when 100% of links are rewired, as this perturbed
network can be considered as a random network of the
same power-law distribution as the original network. Compared to the number detected in the origin network, this
further substantiates that the functional modules derived
in the ADJB tree are statistically signiﬁcant and biologically meaningful.
Discussion

Fig. 4. Robustness test of the ADJB and ADJW methods. To investigate
the extent to which false positives aﬀected the clustering tree, we randomly
removed 10–90% of the links, added 10–100% links, and rewired 10–100%
of the links without changing the power-law nature in the PPI network.
Each perturbation was repeated 10 times. (A) The average F-measure
values of 260 known protein complexes [24] are compared to evaluate the
extent to which the ADJB method retains co-localized and co-expressed
clusters in the original with perturbed networks. (B) We observed the
numbers of computational modules in the original and perturbed
networks. Compared to our earlier ADJW method [20], the ADJB
method is more robust to false-positives in all perturbed networks.

The functional module is a set of proteins that take
part in a common process, but may carry out diﬀerent
functions within that process. A detailed inspection of
the derived functional modules revealed many cases in
which our method isolated known biological processes
from the PPI network. Fig. 5A represents a module consisting of 21 yeast proteins and 48 physical interactions,
in which all components but one uncharacterized protein
(YPR084W) are localized in the mitochondrion. Since all
annotated components are mitochondrial ribosomal proteins, we can infer a functional context for the uncharacterized one within the module. Of six previously
unknown proteins that were annotated in the latest
update of MIPS (June 20, 2005 release) [24], all except
YDR036C are indeed also mitochondrial ribosomal proteins. Nuclear genes encode most of the mitochondrial
ribosomal proteins, which are transported into the mitochondrion from the cytoplasm. YDR036C is a protein
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B
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Fig. 5. Examples of discovered functional modules. (A) A module containing 21 yeast proteins, all except the uncharacterized protein YPR084W (gray
node) localized in the mitochondrion. All previously functionally known protein (blue vertices) are mitochondrial ribosomal proteins, as are the ﬁve most
recently annotated proteins [24] (green vertices). The YDR036C (yellow white node) participates in transport across the mitochondrial membranes and
acts as an assistant factor in the module. (B) Bigger module consisting of 46 yeast proteins encompasses almost the entire 26S proteasome complex. The
proteasomal proteins (diﬀerent shades of blue) and an additional eight proteins (purple vertices) represent 90% of known components of the complete 26S
proteasome. These proteins are all involved in a common process of protein degradation and modiﬁcation. The 26S proteasome is made up of the 20S
proteasome (navy blue vertices) and the 19/22S regulator (bright blue vertices), and all their components appear in the same subcellular compartments
[24]. Fig. 5 was constructed using Cytoscape [27]. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this paper.)

that is involved in the endocytosis process, and therefore
has interactions with most of the mitochondrial ribosomal proteins. From this perspective, YDR036C acts as an
interrelated assistant factor that participates in the module and can serve as an example of an unsuccessful prediction by the ADJB method.
Another module depicted in Fig. 5B is a relatively bigger one that consists of 213 physical links involving 46
yeast proteins, which contains almost the entire 26S proteasome complex. The proteasome and additional eight
proteins, in total 90% of known components of the module, are all involved in protein degradation and modiﬁca-

tion. The 26S proteasome is made up of the 20S
proteasome and the 19/22S regulator, and all their components appear in the same subcellular compartments
(the endoplasmic reticulum and the cell nucleus). Besides
identical subcellular localization, the proteins of the proteasome are more co-expressed than the module average
[26]. As Fig. 1 outlined, the functional module consists
of proteins that participate in a common biological
process at the same time or place; in contrast, protein
complexes are the intersections of co-localized and coexpressed protein groups that are usually included in
the functional modules.
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In conclusion, our clustering method integrating localization data and expression proﬁle information eﬀectively
reveals the modular architecture of the PPI network, distinguishes protein complexes from functional modules. The
method also provides a reliably functional context useful
for prediction of function for uncharacterized protein components of modules, and the integration of heterogeneous
data makes the method robust to false-positives. More
importantly, such a simple method can easily be extended
to include more types of biological data, e.g., genetic interactions, protein–DNA and protein–RNA data. Integration
of physical interactions networks with orthology data may
also provide insights into the origin of cellular modularity.
Moreover, we believe the real power of the method will
materialize in multiple data source analysis of other forms
of complex networks, such as technological, ecological, and
social networks.
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