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Abstract 
The majority of the current methods for identifying modules in protein interaction networks are 
based solely on analysing topological features of the networks. In contrast, the main idea that 
underpins the planned thesis is that combining topological information with knowledge about 
protein function will result in more biologically plausible modules than using approaches based 
solely on topology. We here propose approaches that use a combination of domain-specific 
knowledge, derived from Gene Ontology, and topological properties, to generate functional 
modules from protein interaction networks. By using yeast two hybrid (Y2H) interactions from S. 
Cerevisiae and knowledge in terms of Gene Ontology (GO) annotations, we have elucidated 
functional modules of interacting proteins. In this report, a summary of the proposed approaches 
is presented. The methods with the same rationale but slightly different designs have been 
implemented, tested and evaluated. The first approach, where we combine clusters of proteins 
based on their mutual neighbours profiles with the corresponding clusters based on GO semantic 
similarity profiles, treats each of the aspects (functional knowledge and topology) separately to 
obtain functional clusters, and thereafter merges the clusters into one single structure. In contrast, 
the other approaches integrate both aspects from the beginning. The two other approaches are 
two versions of a method named SWEMODE (Semantic WEights for MODule Elucidation), 
which uses knowledge-based clustering coefficient to identify network modules. The first one is 
uses the original protein interaction graph, and the second one is a recently designed extension of 
SWEMODE where the k-cores of the graph are emphasised. We demonstrate that all three 
methods are able to identify the key functional modules in protein interaction networks. The first 
method was applied to smaller well-studied networks, that are known to contain modules of 
signalling pathways, while SWEMODE was applied on a large network containing 2 231 proteins 
and 6 379 interactions. The methods were also used to study intermodule connections, which is a 
step towards revealing a higher order hierarchy between modules. 

In this report, we describe and discuss the proposed approaches, along with their strengths and 
weaknesses. We also propose further extensions and improvements of the proposed methods, 
some of which may be attempted as the final steps in the implementation phase of the dissertation 
project. 
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1 Introduction 
Molecular biology is facing the great challenge of explaining biological organization in the light 
of the potential existence of modules in various biological networks. Hartwell et al. [1] proposed 
to study biological systems not only on the molecular level but also in the framework of 
"modules" that carry out cellular functions. This proposal has revolutionized molecular biology 
and fired a ”modular era” of systems biology, focusing on the study of modularity at different 
levels of cellular organization. The modular nature of cellular networks, including protein 
interaction networks (PINs), is reflected by high clustering, measured by the clustering 
coefficient. The clustering coefficient measures the local cohesiveness around a node, and it is 
defined, for any node i, as the fraction of neighbours of i that are connected to each other [2]. 
Simply stated, the clustering coefficient reflects the presence of ‘triangles’ which have a corner at 
i (see the triangle with dashed sides in Figure 1). As pointed out in [3], each module may be 
reduced to a set of triangles, and a high density of triangles is highly characteristic for PINs, 
pointing at the modular nature of such networks.  

i

 
Figure 1: Example of a protein sub-graph with triangle-forming proteins 

 

Many attempts to reveal the modules in metabolic [4] and protein networks [5, 6] support the 
proposal that modularity is one of the design principles of biological organization. Various 
methods of network clustering have been applied to reveal modular organisation in PINs [7-9]. 
Those clustering methods are mostly based on topological properties of the network, such as 
shortest path distance. However, it is known that large-scale protein interaction data, such as 
Y2H data, although proven useful for identifying protein complexes, suffers from a high error 
rate, in terms of false positive interactions. Presence of noisy edges makes it difficult to define a 
quality measure based on pure topology, such as the density measure or clustering coefficient. 
Therefore, we recently proposed methods for deriving functional modules from PINs using both 
topological information in terms of protein-protein interactions (PPI) and domain knowledge 
about proteins, in terms of Gene Ontology annotations [10-13]. The resulting modules are 
characterised by high functional cohesiveness among their members. Besides demonstrating the 
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usefulness of the proposed methods to identify local functional and structural features of the 
protein networks, we also used one of the approaches to characterize global properties of the 
network. The purpose of inspecting the global properties was to shed light on how the functional 
strength of interactions affects our view of global structural organization. 

2 Proposed Methods 
The core of the planned thesis will be based on three novel methods for deriving modules by a 
combined analysis of topological network features and biological knowledge about the 
interacting proteins. We have recently presented three knowledge-based methods for deriving 
modules from PINs. The first one is based on the combination of the proteins’ mutual neighbours 
profiles with their semantic similarity profiles [10]. The second one, named SWEMODE [11], 
describes a framework for deriving modules based on a measure that integrates various biological 
aspects with the topological information. The third method is based on the K-cores analysis [13], 
which is a further development of the SWEMODE approach.  

2.1 Method 1: Combining mutual neighbours profiles with GO semantic 
similarity 
We first proposed an approach that combines biological knowledge with topological properties 
by analysing the overlap between clusterings based on topological features (mutual clustering 
coefficient profiles) with clusterings based on semantic similarity between all pairs of proteins in 
the chosen network [10]. The approach has been applied to known modular networks, to test if 
the proposed method is able to recover known modules, and to evaluate the interconnectedness 
between modules. 

The approach consists of a four-step procedure for generating and merging clusterings to derive a 
modular structure, thereby identifying key modules of a protein interaction network. In step one, 
matrices are generated to store topological information about the network structure and functional 
information about the proteins. In step two, an existing clustering algorithm is applied using each 
matrix as input to generate sets of protein clusterings based on topological and functional 
information. In step three, individual clusterings which show a high degree of overlap are 
identified as possible candidates for further module extraction. Finally, in the fourth step, the 
chosen clusterings are merged and a modular structure extracted. In [10], the approach was 
applied on two networks: an intracellular signalling network and the filamentation network. 

On of the strengths of this approach is the inclusion of functional knowledge, in terms of 
semantic similarity between the interactions, which strengthens the evidence that obtained 
clusters are biologically plausible. Another advantage is that the derived modular structure may 
contain overlapping modules, meaning that a protein may belong to several modules, which is 
also more biologically plausible than considering each cluster as a separate unit that operates in 
isolation. Results from the analysis of the yeast filamentation and signalling networks indicate 
that proteins that are assigned to more than one module often play important roles in intermodule 
communication. Before we can make stronger claims, however, all proteins that belong to more 
than one module need to be investigated systematically and in more detail. 

As demonstrated in [10], this approach may be useful for identifying functions of the 
hypothetical proteins that are known to interact or participate within known pathways or 
networks. The approach is well suited for analysing small and functionally homogenous 
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networks, such as the filamentation network, and should be further adjusted for application to 
networks of large scale, such as the whole interactome. We have shown that the clusterings 
derived from those networks, based on mutual clustering coefficient profiles (also referred to as 
mutual neighbours profiles) share significantly large average overlap with the corresponding 
profiles based on semantic similarity values. Therefore, it seemed reasonable to generate a new 
module for each best matching pair of clusters, in such a way that the new module includes the 
union of proteins from those two clusters. For large networks, the merging procedure (i.e. step 
four in the MUNGOSS algorithm) should be modified in such way that not all pairs of clusters 
with greatest overlap are considered for merging into the modular structure, but only those with 
overlap scores that exceed a certain threshold. Various threshold values should be tested and 
evaluated in future work. Merging two clusters that do not have a significantly high overlap 
would cause the inclusion of many false positives. 

This work contains important extensions/improvements of the previous work that were 
considered as valuable contributions. For example, extracting modular structure based on both 
functional knowledge stored in the annotations and topological property (mutual neighbours 
profiles) is more advantageous than extracting corresponding modules based solely on 
topological properties, as described in previous work [8].  

There are two strategies for merging best matching clusters into a single module: merging by 
union and merging by the intersection of the identified clusters. The choice of strategy depends 
on the purpose of the final structure and the choice of properties that the clustering is based on. 
By extracting a modular structure based on the intersection between clusters, we would get the 
modules of proteins which share a similar mutual neighbours profile and similar semantic 
similarity profile, meaning that the proteins within the module act in the same neighbourhood and 
share functional similarity/dissimilarity with the same neighbours. However, when merging two 
clusters, we also include the proteins that belong to the semantic similarity-based cluster but not 
to the mutual neighbours-based cluster, since those proteins share function 
similarity/dissimilarity within the neighbourhood even if they do not necessarily share a similar 
neighbours profile with the rest of the cluster. Likewise, proteins belonging to the mutual 
neighbours-based cluster but not to the semantic similarity-based cluster are considered valuable 
to include in a module since this may give us a possibility to hypothesise about new alternative 
functions. It is important to highlight that the choice of the candidate for extracting modular 
structure is based on the best matches between clusterings, which reduces the risk of introducing 
many false positives. Based on this discussion, we propose the following: 

Under the assumption that functional similarity, which is the basis for deriving one of the 
matrices, is a vital part of module extraction, we propose that it is more advantageous to merge 
clusters, rather than to intersect as proposed in previous work [8]. 

We expect this approach to prove useful in the reconstruction of high-level organisation of 
functional modules and their interconnectedness. 

2.2 Method 2: SWEMODE 
In the second approach [11], we have proposed a knowledge-based measure, named weighted 
clustering coefficient, for analysis of protein interaction networks. This measure combines 
features of topological clustering coefficient with functional knowledge in terms of semantic 
similarity based on GO terms of the proteins. The algorithm based on this measure, named 
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SWEMODE (Semantic WEeights for MODule Elucidation), is used for deriving functional 
modules.  

The first stage of the algorithm is node weighting. We define weighting schemes based on 
weighted clustering coefficients. One of the proposed weighted schemas uses weighted max-
clustering coefficient, which we define as the highest weighted clustering coefficient in the 
closed neighbourhood [ ]iN . The relative weight assigned to node i, based on this value, is the 
product of the weighted max-clustering coefficient and the connectivity of the node that has the 
highest weighted clustering coefficient. If there is a tie between two or more nodes in the closed 
neighbourhood of i regarding the highest weighted clustering coefficient, the node with the 
highest connectivity is chosen. By assigning this relative weight to i, the importance of nodes 
participating in highly interconnected and functionally cohesive regions, is amplified. 

SWEMODE was applied on 2231 proteins from the CORE yeast data set, with 6375 interactions. 
To evaluate the performance of SWEMODE and choose the best parameter settings, we used two 
different scores: overlap score and density score. The best choice of parameters was considered to 
be the one that predicts the largest number of modules that match MIPS protein complexes (with 
high overlap score), and produces the most densely connected modules. Protein modules are 
characterised by the property that their members have high rates of interaction with each other.  
We therefore considered module density to be a useful criterion when deciding which weighting 
scheme performed better in revealing modular formations. We have explored both the 
significance (i.e., the P value) of the shared GO term for the members of the modules and the 
frequency, which shows the percentage of the proteins within the module that are annotated with 
the given GO term. Both cluster frequency and statistical significance are generally higher for 
top-ranked modules compared to modules with lower ranks modules. Among the top 15 modules, 
we could for example find the Lsm module, containing all Lsm proteins with the splicing factors 
that are necessary for pre-mRNA splicing, the oligosaccharyl transferase (OST) complex, 
anaphase promoting complex, etc. 

Besides implementing and testing the possible application for the proposed measure, i.e. module 
identification, we have also analysed the global properties of the network by comparing the new 
knowledge-weighted measures with the traditional topological measures. We compared the 
knowledge-based clustering function and knowledge-based average nearest-neighbours function 
with their topological analogues. The result from this comparison shows that the knowledge-
based clustering function gives higher scores than its topological analogue for 2>k  meaning 
that the proteins forming “triangles” (see Figure 1) are more likely to share high functional 
similarity with each other. The topological clustering function )(kC  is decaying, implying that 
the clustering coefficient is much higher for proteins that have low connectivity, compared with 
proteins with high connectivity, i.e., hubs. The role of hubs is to link different, and otherwise not 
communicating, densely interconnected clusters, i.e., modules. This role accounts for the low 
clustering coefficient of hubs. As already stated in [3], from a network theory perspective, each 
module can be reduced to a set of triangles (see Figure 1). This statement, together with the 
obtained results that confirm the accumulation of high functional similarity in highly 
interconnected protein sub-graphs, supports the hypothesis that we are dealing with a highly 
modular network. We also compared the knowledge-based average nearest-neighbours degree 
with its topological counterpart, to further investigate the architecture of the network. We can 
observe that the topological average nearest-neighbours function has an overall decreasing 
tendency, thus reflecting the disassortative nature of the network. This indicates that nodes with 
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large connectivity (hubs) “avoid” linking to each other directly, and instead connect to proteins 
that have few partners. This behaviour has been reported for protein networks in previous work 
[14]. However, comparison with the knowledge-based function reveals interesting findings. 
Knowledge-based scores are higher than their topological counterparts for all connectivities (with 
the exception of 2=k ), revealing that the edges with high semantic weights have a tendency to 
connect with neighbours with high degrees. 

2.3 Method 3: K-core analysis 
The third proposed approach [13] considers further development of the knowledge based measure 
proposed in the first approach and new findings from deriving a modular structure by using a k-
core graph instead of the original protein-protein interaction graph. We propose the knowledge-
based core-clustering coefficient for identifying topologically and functionally cohesive clusters. 
The weighting scheme, denoted )( wccore , uses the knowledge-based core-clustering coefficient 
of node i, which is defined as the knowledge-based clustering coefficient of the highest k-core of 
the closed neighbourhood N[i] multiplied with the highest core number. The use of knowledge-
based core-clustering, (instead of knowledge-based clustering coefficient) is advantageous since 
it amplifies the importance of tightly interconnected regions, while removing many less 
connected nodes that are usually present in scale-free networks. The relative weight assigned to 
node i, based on this measure, is the product of the knowledge-based core-clustering coefficient 
and the highest k-core number of the immediate neighbourhood of i. By assigning this relative 
weight to i, the importance of highly interconnected regions is further amplified. 

In the experiments reported in [13], we demonstrated that restricting the analysis to the highest k-
core PIN instead of the original PIN resulted in an improved set of modules, with respect to their 
overlap with known molecular complexes recorded in MIPS. 

When testing this method, we also added an additional biological aspect − cellular component − 
to the previously tested combination of molecular function and biological process. We were able 
to show that using cellular component as a separate aspect when calculating weights, or in 
combination with the other two aspects, generated slightly better results in terms of the number of 
matched MIPS complexes, compared to previous work where only two aspects (molecular 
function and biological process) were included. One of the main reasons accounting for this 
improvement is the inclusion of the indirect neighbours of the seed proteins in the module 
prediction step. Proteins that are used as seed modules seem to share more similarity with more 
distant neighbours when cellular component annotation is used, compared to the two other GO 
aspects. Seed proteins may, for example, be connected, directly or indirectly, with neighbours 
that have different functional activities or are involved in different processes, but they may still 
be part of the same macromolecular complex (which is described in the GO cellular component 
sub-ontology). 

3 Summary 
We proposed three knowledge-based methods that integrate domain-specific knowledge with 
topological information to derive modular structures from PINs. In contrast to other approaches 
that first derive modules, and then analyse their biological plausibility, we take into consideration 
functional knowledge about experimentally determined interactions, and in this way strengthen 
the validity of the obtained structures. Modules obtained in this way serve as models for studying 
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interconnectivity, which is a step towards reconstruction of a higher order hierarchy of cellular 
networks. 

We have employed three different biological aspects − molecular function, biological process and 
cellular component, and tested their suitability for deriving modules. Based on the evaluation of 
overlap with the MIPS database, we found that biological process and cellular component 
annotation is more advantageous to module prediction than molecular function. The best overlap 
between predicted modules and MIPS data was obtained by combining all three aspects. 

It was indicated in previous work that identification of protein complexes (an example type of 
module) may become more challenging as additional protein-protein interaction data become 
available, because the interactions are noisy. We propose that the integration of protein-protein 
interaction data with annotation might prove a useful solution to this problem. Our integrated 
approach contributes to this solution, by increasing the confidence in high-throughput Y2H data. 
It also provides means for an increased understanding of higher-order structures underlying 
cellular function. As annotations become more complete, the increased biological relevance of 
our module predictions with integrated approaches will hopefully be even more evident. 

In this report, we have described the three novel methods for deriving modules by a combined 
analysis of topological network features and biological knowledge about the interacting proteins. 
Those methods and the results, analysis and conclusions we have reached from implementing and 
evaluating them, constitute the materials on which the planned thesis will be based. One of the 
contributions of this work is the identification of strengths and weaknesses of the integrated 
methods, i.e., combination of topology and functional information, compared to the topological 
approach. Another important finding in this work is that combining several biological aspects is 
more beneficial for module identification that using each aspect separately. Furthermore, we 
analyse the roles of the proteins that are most frequently involved in the generated modules, and 
contribute the hypothesis that the majority of those proteins are involved in assembly and 
arrangement of cell structures, rather than signal transduction. This is a step towards the 
understanding of module interconnectivity and a reconstruction of the higher-order organisation 
of the cell. 
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