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Abstract. Studying protein interaction networks using functional and topological information is important for 
understanding cellular organization and functionality. This study deals with identifying important proteins in 
protein interaction networks using SWEMODE (Lubovac, et al, 2006) and analyzing topological and functional 
properties of these proteins with the help of information derived from modular organization in protein interaction 
networks as well as information available in public resources, in this case, annotation sources describing the 
functionality of proteins. Multi-modular proteins are short-listed from the modules generated by SWEMODE. 
Properties of these short-listed proteins are then analyzed using functional information from SGD Gene Ontology 
(GO) (Dwight, et al., 2002) and MIPS functional categories (Ruepp, et al., 2004). Topological features such as 
lethality and centrality of these proteins are also investigated, using graph theoretic properties and information on 
lethal genes from Yeast Hub (Kei-Hoi, et al., 2005). The findings of the study based on GO terms reveal that 
these important proteins are mostly involved in the biological process of “organelle organization and biogenesis” 
and a majority of these proteins belong to MIPS “cellular organization” and “transcription” functional categories. 
A study of lethality reveals that multi-modular proteins are more likely to be lethal than proteins present only in a 
single module. An examination of centrality (degree of connectivity of proteins) in the network reveals that the 
ratio of number of important proteins to number of hubs at different hub sizes increases with the hub size 
(degree). 

1. Introduction

The human genome project (HGP) targeted at decoding the biological complexity of humans, began with the 
sequencing of the human genome as well as the genomes of many other model organisms, which would help the 
cause. The idea behind including these model organisms in the HGP was the promising information content that can 
be obtained from their genomes to assist gene discovery and functional analysis of the human genome. The goal of 
the HGP was not only to decode the genomes but also to develop tools to analyze the data derived from various 
projects apart from sequencing. One of the goals (New goals for the US Human Genome Project 1998-2003, goal 
7(c)) was to develop tools “for modeling complex networks and interactions” in view of gene expression data and 
other biological data sources. In this dissertation, one such tool, SWEMODE (Semantic WEights for MODule 
Elucidation), an algorithm used to identify functional modules in a protein interaction network based on pairwise 
protein interaction data, is used to identify essential proteins which might play an important role in the biological 
organization of life systems (Lubovac et al., 2006). This dissertation analyzes the advantages of using both 
functional and topological information in the identification of these crucial proteins. 

Very little work has been done in this context of identifying important proteins in protein interaction networks. 
Przulj et.al, (2004), identified important proteins termed as “bottle necks” with the help of topological properties and 
suggested that these proteins in the protein-protein interaction graph create and support cellular structure, rather than 
helping in signal transduction. Others have studied global properties such as centrality (degree of connectivity) and 
lethality (disruption caused due to deletion of nodes) of networks (Jeong et al., 2001; Manke et al., 2005), but not 
much has been done to identify crucial units that build and hold biological processes. The above mentioned studies 
used the mathematical features alone to predict the properties of biological units. To predict what actually happens 
in life systems, it would be interesting to combine mathematical analysis with available biological information. A 
study in this context would help identify discrete constituents of biological processes which would in turn decipher 
the complexities behind life systems, one of the purposes of many inquests in the field of Life Sciences. Hence this 
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study aims at identifying and analyzing important proteins by exploring functional modules identified from 
interaction networks and information available in annotation sources describing the functionality of proteins. 

This dissertation discusses some of the ways in which protein interaction networks can be investigated for 
identifying these discrete constituents of biological processes. With the help of the functional modules identified by 
the algorithm SWEMODE (Lubovac et al., 2006) in the given data sets, proteins occurring in multiple modules are 
identified. It is presumed that such proteins play an important role. Then information about these proteins, such as, 
Gene Ontology (GO) (Dwight, et al., 2002) terms annotated in the Saccharomyces Cerevisiae Database (SGD), their 
statistics across functional categories in the Munich Information centre for Protein Sequences (MIPS) (Guldener et 
al., 2006), their role in centrality and lethality of the protein interaction network are studied to understand the nature 
of these proteins. Important proteins in modules are identified by calculating the frequency value (described in 
Section 3.1) of each protein in the data set. GO terms of these proteins are investigated depending on their frequency 
value to observe the patterns in which they are distributed across biological processes. Statistics of these proteins
across MIPS functional categories have also been studied basing on the frequency value. To study lethality, a list of 
proteins experimentally determined to have been lethal, was obtained from Yeast Hub (Kei-Hoi et al., 2005) and 
was cross-referenced with the list of important proteins identified in modules. And to study centrality, the hub size 
of these important proteins was calculated and a correlation between hub size and distribution of important proteins 
across the data set was established. The approach described here to identify and analyze these proteins has never 
been explored before; we use both topological and functional aspects of protein interaction networks, showing the 
usefulness of merging the information drawn from them. By investigating GO terms and MIPS functional categories 
it is understood that these important proteins are usually involved in cell organization and biogenesis. The study 
about lethality reveals the distribution of lethal proteins across the set of multi-modular proteins is greater than their 
distribution across the set of proteins present only in a single module. Centrality reveals that the concentration (ratio) 
of important proteins increases with hub size. 

The paper is organized as follows. Section 1 (Introduction) presents the task we are going to deal with, providing 
a brief outline of all the aspects. Section 2 (Background) describes perspectives in which the problem was coined. 
Section 3 (Method) relates the approach towards achieving the task. Section 4 (Results and Discussion) portrays all 
the findings and a brief discussion of what they implicate. Inferences from the findings in section 4 are described in 
section 5 (Conclusions) and section 6 (Future Work) lays down the ground work for future work.

2. Background

2.1 Proteins

From a biological viewpoint, proteins may be considered to be the most important molecules, because of their
important roles in many biological processes. Considering their physico-chemical properties, they can be regarded 
as the most complex of all compounds because of their ability to modify their composition according to situations. A 
good example for this is the antibodies in the immune system. The word “protein” coined by the Swedish chemist 
Jöns Jakob Berzilius is derived from the Greek word proteios, (meaning “first of all”) as it was considered the 
primary substance of organic matter. They carry out a diverse set of functions such as signal transduction, catalytic 
activity and complex defense mechanism, among many. The estimated number of human genes coding for proteins 
range between 30,000 and 120,000 (Kampa, et al., 2004). These proteins with unique structure and function perform 
day to day activities in the human body. Proteins work solo as well as in a group forming complexes to accomplish a 
unique biological task (Hartwell et al., 1999). The sequential arrangement of the 20 amino acids in the human body 
in various combinations amounts to the complexity and diversity of proteins. To understand the organization of the 
human body, there is a need to know how proteins work as they are involved in performing various functions within 
the human body. The dynamic nature and large number of proteins makes it an intriguing task.

A good way to analyze the functional mechanism of an organism is to begin with analyzing its genome. The 
central dogma, “from DNA to RNA to protein” stands as a basis on which the genome is analyzed. Genes are 
studied to understand the functionality of a certain gene product. But the situation oriented response and the 
dynamic nature of proteins requires the study of much more specific details, like mRNA expression analysis to 
understand the function of a protein. mRNA gives an idea of which part of the genetic code materializes into 
proteins. But when post-translational modifications take place, even mRNA cannot be used to accurately predict the 
exact function or the biological process in which the protein would partake in, at any given time, due to the 
complexities involved. Hence, pursuing and understanding the chores of a protein during its life-time will prove 
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helpful in perceiving its function. In this process, many details, such as its physico-chemical properties, including its 
structure, nature of interactions with other proteins, etc., come into study. Understanding the proteome will thus shed 
light on the functional mechanism of an organism.

2.2 Protein interactions and interplay

Certain functions in the living organisms are carried out by a single protein, for example, oxygen transport by 
haemoglobin, but certain functions are a result of complex interactions between many molecules, for example the 
pheromone pathway (Hartwell et al., 1999). For a biological task to be carried out in harmony, proteins need to bind 
with utmost specificity. Analysis of protein interactions in an organism provides useful insights into the functional 
mechanism of biological processes. Studying proteins involved in a process provides information about the 
participants, the way in which they interact, i.e. the pathway they follow, key players which hold the process 
together, and the effects of disruption to the pathway. Information on these aspects might help identify causes of 
disease and the effects of mutation. Many diseases have been identified in relation to disruption of various pathways 
and information gathered from protein interactions can sometimes be traced back to the DNA level to identify the 
cause of disease.

A number of bio-physical and in silico techniques are used to determine protein-protein interactions in an 
organism. These can primarily be classified into physical, library, genetic and in-silico based methods. Physical 
techniques used for detecting protein interactions include protein affinity chromatography, affinity blotting, 
immunoprecipitation and cross-linking (Phizicky and Fields, 1995). Some of the library based techniques are protein 
probing, phage display and the two-hybrid system. Extragenic suppressors, synthetic lethal effects, overproduction 
of phenotypes and unlinked non-complementation are techniques used in the genetic detection strategy. In-silico 
techniques include gene fusion, gene neighborhood study using operons and observing co-occurring patterns across 
genomes using phylogenetic profiles (Valencia and Pazos, 2002; Galperin and Koonin, 2000; Huyen et al., 2000)

The above strategies used to detect protein interactions are either centered round detecting physical binding 
patterns or functionally important interactions. A pair of proteins that bind physically might not necessarily interact 
in vivo, physically interacting proteins have a high probability of sharing common functionality as well (Dandekar et 
al., 1998; Ge et al., 2001). Techniques such as yeast two-hybrid (Y2H) and mass spectrometry aim at detecting 
physical binding patterns while genetic and in silico based methods aim at detecting functionally dependent 
interactions (von Mering et al., 2002).

2.3 Protein-Protein Interaction Maps

Protein-protein interaction detection techniques mentioned in section 2.2 help in determining interacting partners. 
Protein-protein interactions of an organism in study are collectively portrayed either as a protein interaction map or 
as a protein interaction network. A protein interaction map presents the interactions identified by bio-physical 
techniques alone (Flores et al., 1999; Enright et al., 1999; Ito et al., 2000). When mathematical inferences as well as 
information from public resources are incorporated to these interactions determined by bio- physical techniques, a 
protein interaction network is derived (Jeong et al., 2001; Przulj et al., 2004; Schwikowski et al., 2000). Basically 
both depict the “interactome” of an organism but because of associating other details in a protein interaction 
network, predicting functions of novel proteins, identifying complexes, etc., is much easier.

A protein interaction map illustrates information derived from bio-physical techniques, mapping interacting 
partners together, and the compilation of which depicts the interactome of an organism. The protein interaction map 
sheds light on interaction domains and putative functions of novel proteins. This information provides the necessary 
direction for research in the subsequent areas. High throughput techniques like Y2H can be used to determine 
interactions between known as well as unknown (prey) proteins using known proteins (bait). Information from 
protein-protein interactions, coupled with mRNA expression analysis data and analysis of protein sequences using 
bioinformatics analysis, can be used to classify uncharacterized proteins (Legrain et al., 2001).

Two of the most frequently used approaches used to build protein interaction maps are (i) building arrays of 
proteins, also called the matrix approach and (ii) screening of fragment libraries (Legrain et al., 2001). In the matrix 
approach, full length open reading frames (ORFs) of bait and prey are amplified using PCR and then cloned into 
two-hybrid vectors. The fusion proteins are individually expressed in yeast cells of opposite mating type. Yeast cells 
along bait or prey plasmids are assayed after mating and are then assessed. Assessments of interactions can either be 
done individually by a one by one bait-prey or the protein array approach, or by pooling of several cells expressing 



6

various bait and prey proteins. This method can only be used to test interactions between predefined proteins. 
Although the Y2H system was initially used to detect interactions between known proteins, its application was 
further extended to screen through libraries with the help of a bait protein. Libraries may either be genomic or 
cDNA libraries. A genomic library contains representative copies of all the genetic material of an organism as 
fragments of DNA sequences, which includes coding and non-coding regions along with promoter and terminating 
regions. cDNA libraries contain only coding regions of the genome (Alberts, et al., 1998). 

This screening technique when repeatedly carried out with a series of bait proteins leads to the identification of 
functionally specific protein interactions and a subsequent “map” of all interacting partners helps in classifying their 
un-classified partners. The sequence similarity at the docking site of the overlapping segment of the library and bait 
protein helps in precisely mapping the interacting domains. As only a small fraction of these genomic or cDNA 
libraries actually code for proteins, the process is intriguing. 

The pairwise protein interaction data gathered from experimental methods as well as in silico techniques and the 
information gathered from literature is manually curated in databases such as MIPS (Guldener, et al., 2006) and 
Database of Interacting Proteins (DIP) (Xenarios, et al., 2002; Salwinski, et al., 2004). 

2.4 Protein Interaction Networks

A protein interaction map provides an overview of interacting partners, which may contain both known and novel 
proteins. When the information about proteins from high throughput Y2H techniques, mRNA expression analysis, 
gene ontology or MIPS functional categories is merged together, it helps in generating a biologically relevant 
network (Pellegrini et al., 2004). The protein interaction network thus constructed provides useful insight not only 
into the structure and function of closely associated proteins but also into features of biological systems like 
identification of protein complexes, existing biological pathways, topologically essential proteins holding the 
network together, etc. A perennial analysis on various life systems leads to the discovery of novel proteins and there 
is an ardent need to find the biological relevance of these proteins. A glimpse at the neighborhood of such proteins 
in the protein interaction network can provide useful insights. The function of a novel protein, the biological process 
it is involved in and its cellular localization, etc, can be inferred by analyzing the features (function, structure, 
sequence, etc) of its interacting partners. 

A protein interaction network is a graph depicting proteins and interactions between them as a set of nodes and 
edges. Nodes in the network represent proteins and interactions are represented as edges. The topological 
distribution of proteins across the graph can be used to infer the biological features of the proteins. The theoretic 
properties of the graph (Fig. 1) such as degrees, articulation points, clusters, hubs, siblings and shortest paths are 
used to define the features of proteins as well as that of the protein interaction network as a whole (Przulj et al., 
2004). 

The degree of a node is the number of neighbors interacting with the node. Articulation points are nodes whose 
removal disconnects the graph. Highly inter-connected nodes forming sub-graphs of a graph are known as clusters. 
Hubs are highly connected nodes. It should be noted that there is no predefined threshold for hub size, hence in this 
dissertation we concentrate on every protein that has a degree of three or greater. Protein interaction networks were 
initially considered to be random networks in which most nodes have roughly the same degree. But Barabasi and 
Oltvai’s (2004) study of biological networks revealed that protein interaction networks are scale free and not 
random. In random networks, the degree of most nodes is same as that of the average degree of the network whereas 
in scale free networks few nodes with a high degree (hubs) hold other nodes of the network together. Hubs are an 
essential part of a scale-free network where a few nodes with a high degree play a central role in mediating 
interactions when compared numerous other nodes with a lesser degree, and as protein interaction networks are 
considered to be scale-free networks (Wagner, 2001; Jeong, et al., 2001), the mathematical features of hubs can be 
used to study the nature of the corresponding proteins. High degree nodes hold several other nodes together, a 
feature demonstrated by scale free networks which follow a power law distribution; high degree nodes in protein 
interaction networks are more likely to have a link with duplicated proteins and are more likely to form new links 
with randomly selected duplicated proteins, a foundation for gene duplication events (Barabasi and Oltvai, 2004). 
Even though deletion of hubs disrupts the network, tolerance against random mutation is in agreement with 
systematic mutagenesis (Jeong, et al., 2001). Therefore, analyzing the properties of hubs can be elucidative.  
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(a) Degrees

M3

H1 H2

H3

(b) Hubs

M1 M2

(c) Modules (d) Overlapping Modules with an important protein ‘i’

i

Fig. 1. Graph Theoretic properties: (a) The degree “k” of nodes n1, n2 and n3 are 1,3 and 4 respectively. (b) H1, H2 and H3 are 
hubs with degrees 6, 8 and 4 respectively. (c) Modules M1, M2 and M3 in a protein interaction graph. (d) Protein ‘i’ is 
participation in two modules and is considered to be an important protein.

2.5 The modular approach to protein interaction networks and systems biology

As mentioned earlier, certain functions are carried out by a single protein whereas execution of others requires 
complex interaction and interplay. To describe the functionality of a biological process, there is a need to identify 
individual components contained in the process which assist in carrying out the process. These individual 
components put together form a “functional module” whose function is separable from that of other modules. Oltvai 
and Barabasi (2002) have classified the biological complexity of organisms into four levels forming a pyramid 
(Figure 2), of which at the ground level are individual molecules, DNA, RNA, proteins etc. The level above it 
consists of regulatory motifs and metabolic pathways, above which are functional modules and the top most level 
being the large-scale organization of these functional modules explaining the complete biological organization of an 
organism. Modules are sometimes isolated from each other and sometimes interconnected. Isolation of modules 
avoids cross talk and interaction across modules allows one function to influence another (Hartwell et al., 1999). 
Hence the modular perspective gives an understanding of the building blocks whose integration gives a complete 
idea of the biological organization as a whole.
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Fig. 2. Biological complexity pyramid

A number of methodologies have been developed to identify functional modules. Lubovac et al. (2006) used a 
weighted clustering coefficient to identify functional modules with the help of gene ontology terms (Dwight, et al., 
2002). This method (SWEMODE) integrates functional information along with topological properties to 
demonstrate the global properties of the network. Pereirea-Leal, et al., (2004) used an additive weighting system to 
identify high-confidence interactions, and then produced a graph of proteins and interactions depicted as nodes and 
edges respectively (figure 3a) and then converted the graph into a line graph in which proteins are depicted as edges 
and interaction among them as nodes(figure 3b). They then used an algorithm for identifying clusters of interactions 
by a graph flow simulation technique and the line graph thus illustrating clusters was transformed back to into a 
protein-protein graph illustrating proteins and subsequent modules (figure 3c, 3d). 

A B C D

E F

a)
CD

BA

BC
BE

BF

b)

c) d)

Fig.3 Transforming a protein network to an interaction network.(a) A graph representing protein interactions: nodes correspond 
to proteins and edges to interactions. (b) Transformation of the protein graph connected by interactions to an interaction graph 
connected by proteins. Each node represents a binary interaction and edges represent shared proteins. (c) Graph illustrating a 
section of a protein network connected by interactions. (d) Graph illustrating the increase in structure as an effect of transforming 
the protein graph in (c) to an interaction graph.

Rives and Galitski, (2003) used an association matrix quantifying shortest path (distance) between pairs of 
interacting proteins to identify clusters, assuming that co-members of a module are likely to have similar (clustered) 
shortest-path-distance profiles. Bader and Hogue (2003) developed the Molecular Complex Detection (MCODE) 
algorithm to identify dense clusters that may represent molecular complexes by weighting the vertices in the 
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network on the basis of neighborhood density. Vertices thus identified are traversed outward to identify dense 
regions. 

It is clearly evident that modules are basically identified using graph theoretic properties and in the case of 
SWEMODE, the usage of functional annotations along with topological information helps boost the confidence of 
predicted modules. It not only predicted existing modules but also helps in associating functions to novel proteins 
and yielded better results than using either topological information or functional annotation.

3. Method

The aim of the project is identifying important proteins in protein interaction networks using SWEMODE (Lubovac, 
et al, 2006) and analyzing topological and functional properties of these proteins with the help of information 
derived from modular organization in protein interaction networks as well as information available in public 
resources, in this case, annotation sources describing the functionality of proteins. Multi-modular proteins are short-
listed from the modules generated by SWEMODE. Properties of these short-listed proteins are then analyzed using 
functional information from SGD GO (Dwight, et al., 2002) and MIPS functional categories (Ruepp, et al., 2004). 
The aim can be divided into two main objectives. First is the identification of important proteins and second is their 
analysis. To accomplish the first objective, two quantified data sets of yeast protein-protein interactions from 
previous works were obtained. The first data set contains 2455 high confidence interactions between 988 proteins 
obtained from Von Mering et al., (2002). These protein interactions have been detected by more than one high 
throughput technique, and have been cross-referenced with MIPS (Guldener, et al., 2006) and YPD (Constanzo, et 
al., 2001). The second is the CORE data set containing 6,375 interactions between 2,231 proteins, mentioned in 
Lubovac et al., (2006), which was obtained from DIP-Yeast (Xenarios, et al., 2002). It is to be mentioned that the 
second data set was much larger when compared to the first one as the CORE data set was compiled very recently 
(2006) and the amount of interaction data available in public resources has rapidly increased since the compilation 
of the first data set (2002). For convenience, the first data set will be mentioned as the Von Mering data and the 
second as Core data.

Now the algorithm SWEMODE (Lubovac, et al., 2006) was used to identify functional modules in these data 
sets. SWEMODE uses a node weight percentage criterion to identify proteins and the modules they belong to. It first 
identifies the nodes with highest weight (which is based on the weighted clustering coefficient measure, that in turn 
uses the semantic similarity as weights between proteins) and considers it to be the seed node, now it iteratively 
looks in the neighborhood of the seed node to identify partners to the seed basing on the node weight percentage 
criterion (for more details, see Lubovac et al., 2007). For a neighbor to satisfy the node weight percentage criterion, 
the weight of the neighbor to the seed node should be greater than 40% of the weight of the seed node. The node 
weight parametric values range from 0.0 to 0.95 at an increment of 0.05, thus producing 20 sets of modules. Once a 
protein has been added to a module, it cannot be part of another module as SWEMODE does not allow overlaps 
initially. But in the post-processing step, interconnectedness is examined by traversing to immediate as well as 
indirect neighbors. A “fluff” parameter helps in identifying immediate neighbors of every member of the module 
which have not been visited previously and whose neighborhood weighted cohesiveness is greater than that of the 
fluff threshold value. The values of the fluff parameter range between 0.0 and 1.0, (Bader and Hogue, 2003) with an 
increment of 0.1. The cohesiveness around a node is defined as the fraction of neighbors of the node which are 
connected to each other (Watts and Strogatz, 1998). In the post processing step, modules with size less than 3 are 
eliminated. Thus at varying values for node weight percentage and fluff parameter, 200 (20(NWP) x 10(fluff)) 
module sets are produced. Each module set contains modules identified under the given parameters. 

To identify and analyze important proteins, different topological and functional properties of individual proteins 
were studied. The first was to identify multi-modular proteins across the 200 module sets produced by SWEMODE. 
Next was to study the common gene ontology terms of proteins occurring in multiple modules as well as those 
present only in a single module. The third step was to study the statistical distribution of MIPS functional categories 
among the single and multi-modular proteins. And the final task was to study the protein interaction networks of 
both the graphs to identify hubs and then establish a relationship between the sizes of hubs to the number of 
important proteins at each of those sizes. 
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3.1 Frequently occurring proteins

When the SWEMODE algorithm is applied to both the data sets, they thus produce 200 module sets each. The next 
step was to identify important proteins within these module sets. A module by definition is a discrete functional 
entity separable from other functional modules (Hartwell, et al., 1999). It was presumed that if proteins are occurring 
in multiple modules, then it might imply that they are involved in multiple biological processes or carrying out tasks 
specific to each individual module. Hence investigating the features of such nodes can be interesting. Hence proteins 
occurring in multiple modules were identified across all 200 module sets. A protein is considered as “multi-
modular” if the number of modules it is present in is greater than the number of module sets it is occurring in. An 
average frequency value is thus calculated for each protein across module sets, by dividing the number of times a 
protein is present in all modules across all module sets; by the total number of module sets it is present in. Figure 4 
explains how these multi-modular proteins are identified. Any protein with a frequency value of more than one can 
thus be considered as potentially important as it was observed in more than one functional module.

NWP:0.0, fluff:0.4

A

C

C

C

C

A

A

C

C

C

A

A A A

B A

B

BC

C C

NWP:0.05, fluff:0.5 NWP:0.1, fluff:0.6

NWP:0.85, fluff:0.7 NWP:0.9, fluff:0.8 NWP:0.95, fluff:0.9

Fig. 4. Each circle represents a module. Each box represents a module set. Proteins A, B and C are distributed across different 
module sets. A is present in 4 module sets, and is contained in 8 modules. Hence the frequency value of A = 8/4=2. The 
frequency value of B=3/3=1 and the frequency value of C=10/5=2. Therefore A and C are considered as potentially important 
proteins. 

3.2 Gene Ontology Terms

While identifying important proteins, it would be interesting to know the biological processes these important 
proteins are commonly involved in. The SGD has annotated gene products on the basis of three types of ontology 
terms namely cellular component, biological process and molecular function (Dwight, et al., 2002). GO uses 
published information to associate one or more of these three types of terms to gene products. Cellular component of 
a product simply tells us the localization of the gene product in the cell. Molecular function describes the activity the 
gene product is involved in, such as binding activity or catalytic activity, but does not precisely portray when or 
where it is involved. Biological process describes a series of molecular functions carried out to achieve a task. 
Cellular component and molecular function cannot precisely depict the similarity among these proteins, as proteins 
with different functions belonging to different locations in the cell may come together to carry out a function.
Whereas biological process can be better used to group them under a common category and in doing so the features 
common to these important proteins can be illustrated. Therefore the gene ontology terms based on biological 
process of each of these gene products identified in modules was analyzed. The SGD GO Slim Mapper 
(http://db.yeastgenome.org/cgi-bin/GO/goTermMapper) is an online tool available to group gene products at a 
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higher level (broader view) that best represents the common biological process, cellular component and molecular 
function among a set of gene products. The GO Slim Mapper was used to group these proteins basing on their 
biological process. 
Semantic similarity can be correlated to sequence similarity of gene products based on their GO terms (Lord et al., 
2003). GO can also be used to identify clusters of proteins by associating weights to semantic similarities to each of
the GO terms between proteins, namely, the biological process, cellular component and molecular function
(Lubovac et al., 2006). This in turn would help identify functional modules in protein interaction networks.    

3.3 Statistics of MIPS functional categories

The functional catalogue (FunCat) in MIPS is used as a comprehensive and functional classification scheme for
description of proteins (Ruepp et al., 2004). The MIPS Funcat was used to identify the categories in which a certain 
group of proteins (multi or single modular), have been over-represented. Basing on the frequency value mentioned 
in Section 3.1, the proteins were thus categorized into distinct sets and functional categories in which these sets of 
proteins were over-represented were identified. They were 27 distinct functional categories mentioned in the latest 
FunCat and as the data set contained very few proteins, the functional categories used by von Mering et al., (2002) 
was used to find the over-representation patterns. In their work they classified proteins into 13 distinct functional 
categories, and the same scheme has been used in the current work. Pie charts were constructed to give a pictorial 
overview of over-representation across groups of proteins. 

3.4 Lethality

Analysis of protein interaction networks and functional profiles reveals that proteins with large contribution to 
network entropy (deletion of certain nodes which leads to disconnection and disruption of network) are 
preferentially lethal (Manke et al., 2005). Therefore identification of such lethal proteins and investigating properties 
would shed light on inter-connectedness of the network as well as alternative pathways. To understand the 
distribution of such lethal proteins across modules, a list of experimentally proven ‘lethal’ proteins curated from 
MIPS was obtained from Yeast Hub (Kei-Hoi et al., 2005).The distribution of these lethal proteins across module 
sets of varying frequency value was examined to understand their disposition within our datasets. 

3.5 Centrality

Jeong et al., (2001) stated that nodes (proteins) with a high degree play a central role in the network’s architecture 
and are three times more likely to be essential than proteins with only a small number of links to other proteins. It 
was also previously mentioned that hubs are essential parts of a scale-free network. Accordingly, identification of 
these hubs would help disseminate the global properties of scale-free protein interaction networks, the analysis of 
which, across organisms would uncover an essentially identical protein-network topology (Jeong et al., 2001). 
Examining the features of these hubs would thus be helpful as cross-reference in comparative studies. Therefore the 
hub size of each protein in the datasets was calculated with the help of their graphs and correlation was established 
between the hub size and the proteins with high frequency values contained in modules. The information contained 
in public resources can then be used to understand the biological importance of these hubs. 

4. Results and Discussion

SWEMODE calculates for each protein, the total number of modules and module sets it is occurring in. It is to be 
reminded that different module sets are obtained from different parametric settings of the NWP and fluff parameters 
(Section 3). With the help of these values, the frequency of every protein in both the data sets was calculated and 
those with a frequency value of more than 1 were short-listed. A protein with frequency value more than 1 indicates 
that it is present in more than one module, and hence is a candidate of study. The Von Mering dataset contained 83 
proteins with a frequency value of more than 1, the total number of proteins in modules being 988. The Core dataset 
contained 418 proteins with a frequency value of more than 1 out of 2231 proteins present in the modules. 



12

4.1 GO Terms

The short-listed proteins with a frequency value greater than 1, i.e. proteins present in more than one module
(multi-modular proteins) are then ranked according to their average frequency value (section 3.1). These ranked 
proteins were divided into sets of 10 proteins each. The idea behind pooling these proteins as sets of 10 was to study 
the nature of proteins with similar frequency values. The first set is assembled with 10 proteins of the highest value, 
followed by the second and so on, each, arranged in a descending order of their average frequency value. Each set of 
10 multi-modular proteins (MMP) are considered as a group for further study to identify common patterns shared by 
the group of proteins. These sets are submitted to GO Slim Term Mapper in an incremental fashion, i.e. the set of 10 
proteins of the highest frequency value first, next a group of 20 proteins of the highest frequency value (comprising 
the first two sets), followed by group of 30 proteins, comprising the first 3 sets and so on. In Table 1, 10 MMP, 20 
MMP etc., denote each of these sets of proteins as a batch. Each batch of proteins were submitted to the GO Slim 
Term Mapper, to find the biological process in which most proteins in each batch would be pooled together, 
depending on the similarities their share in GO terminology.. The GO Slim Term Mapper categorizes the gene 
products in a broader perspective, by mapping granular terms to higher level terms, hence providing an overview of 
the data in question. The table below depicts the GO biological process term assigned to majority of proteins in each 
set (of MMP) by the GO Slim Term Mapper. 

Table 1. GO term which most of the proteins of each set of multi-modular proteins (MMP) were observed in the von Mering 
dataset

GO term Frequency

10 MMP organelle organization and biogenesis 6 out of 10 genes, 60%

20 MMP organelle organization and biogenesis 14 out of 20 genes, 70%

30 MMP organelle organization and biogenesis 20 out of 30 genes, 66.7%

40 MMP organelle organization and biogenesis 28 out of 40 genes, 70%

50 MMP organelle organization and biogenesis 31 out of 50 genes, 62%

60 MMP organelle organization and biogenesis 38 out of 60 genes, 63.3%

70 MMP organelle organization and biogenesis 46 out of 70 genes, 65.7%

83 MMP organelle organization and biogenesis 54 out of 83 genes, 65.1%

Table 2. GO term which most of the proteins of each set of multi-modular proteins were observed in the Core dataset

GO term Frequency

10 MMP organelle organization and biogenesis 5 out of 10 genes, 50%

19 MMP organelle organization and biogenesis 12 out of 19 genes, 63.2%

29 MMP organelle organization and biogenesis 19 out of 29 genes, 65.5%

39 MMP organelle organization and biogenesis 24 out of 39 genes, 61.5%

49 MMP organelle organization and biogenesis 26 out of 49 genes, 53.1%

59 MMP organelle organization and biogenesis 31 out of 59 genes, 52.5%

69 MMP organelle organization and biogenesis 38 out of 69 genes, 55.1%

79 MMP organelle organization and biogenesis 44 out of 79 genes, 55.7%

89 MMP organelle organization and biogenesis 49 out of 89 genes, 55.1%

99 MMP organelle organization and biogenesis 54 out of 99 genes, 54.5%

It is quite evident that multi-modular proteins are involved in the biological process of “organelle organization and 
biogenesis”. Almost 23% of all genes annotated under “biological process” in the SGD belong to organelle 
organization and biogenesis (Jodi, et al., 2006). Hence our results explain why so many of the yeast proteins are 
categorized under organelle organization and biogenesis. The results portray the correspondence between frequently 
occurring proteins and the process in which most yeast proteins are participating in. It is to be mentioned that the 
GO entry for one of proteins in the 11-20 list of multi-modular proteins of Core data set was not found. Hence “19 
MMP” is mentioned instead of “20 MMP”. A detailed explanation of GO terms of each data set is presented in 
Appendix B. The GO terms of single modular proteins was also investigated. Most of the single modular proteins in 
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the von Mering dataset were participating in “organelle organization and biogenesis” but most of the single modular 
proteins in the Core data set were participating in “RNA metabolic process”. It should be noted that the Core dataset 
was composed much recently than the Von Mering dataset, comprising more proteins and hence gives a better idea 
of GO terms of single modular proteins.

4.2 Statistics across functional categories

The MIPS functional categories of each of the multi-modular proteins which were previously divided into sets of 10 
were obtained. To represent statistics for the proteins across various functional categories, pie charts were 
constructed. The results displayed below are the statistics of distribution patterns of proteins in sets of the 10, 50 and 
83 most frequent proteins in the von Mering dataset and the10, 50 and 100 most frequent of the Core dataset. A 
detailed explanation of MIPS functional categories of each data set is presented in Appendix A.

Distribution of 10 most frequent proteins in Core

18%

27%

37%

9%

9%

 Transcription 

 Protein Fate

 Cellular Organistion

 Genome Maintainence

 Cell Fate/Organistion

Fig. 5. MIPS statistics of the10 most frequent proteins from the Core dataset, major distributions are: 37% belong to cellular 
organization, 27% belong to protein fate and 18% belong to transcription.
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Distribution of 10 most frequent proteins in von Mering
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Fig. 6. MIPS statistics of 10 most frequent proteins from Von Mering dataset, major distributions are: 40% belong to 
transcription, 20% each belong to cell organization, cell fate and genome maintenance. 

Distribution of 50 most frequent proteins in Core
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Fig. 7. MIPS statistics of 50 most frequent proteins from Core dataset, major distributions are: 27% belong to cellular 
organization, 19% belong to transcription and 17% belong to protein fate.
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Distribution of 50 most frequent proteins in von Mering
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Fig. 8 MIPS statistics of 50 most frequent proteins from Von Mering dataset, major distributions are: 30% belong to 
transcription, 12% each belong to cell organization and genome maintenance. 

Distribution of 100 most frequent proteins in Core

3%

22%

11%

9%21%

3%

1%

13%

13%

4%
 Translation

 Transcription

 Transcription Control

 Protein Fate

 Cellular Organistion

 Transport and Sensing

 Stress and Defense

 Genome Maintainence

 Cell Fate/Organistion

 Uncharachterized

Fig. 9. MIPS statistics of 100 most frequent proteins from Core dataset, major distributions are: 22% belong to transcription, 
21% belong to cellular organization and 13% each belong to cell fate and genome Maintenance.
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Distribution of 83 (all) most frequent proteins in von Mering
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Fig. 10. MIPS statistics of 83 most frequent proteins from Von Mering dataset, major distributions are: 37% belong to 
transcription, 13% belong to cell fate, and 11% belong to genome maintenance.

Distribution of least frequent proteins in Core
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Fig. 11. MIPS statistics of all the least frequent proteins from Core dataset, major distributions: 20% belong to transcription, 16% 
belong to protein fate, 15% belong to genome maintenance.
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Distribution of least frequent proteins in von Mering
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Fig. 12. MIPS statistics of all the least frequent proteins from von Mering dataset, major distributions: 27% belong to 
transcription, 16% belong to cell organization, 12% belong to protein fate.

Fig. 4 and 6 suggest that 37% and 27% of the top 10 and 50 most frequent proteins respectively in the Core dataset 
belong to the functional category cellular organization. Fig.5, 7, 8 and 9 show that the 10 (40%), 50 (30%) and 83 
(37%) most frequent proteins in the von Mering dataset and 100 (22%) most frequent proteins in the Core dataset 
have a high distribution in transcription. Fig. 8 also shows that the next functional category in which they have a 
high distribution is cellular organization. The difference in functional classification of the most frequent proteins in 
both the data sets may be due to the sheer volume of the Core dataset encompassing more classes when compared to 
the von Mering dataset. The statistics for functional categories in the Core dataset boosts the findings of GO terms 
of both the datasets. It can also be noted that when the cut off frequency value for frequent proteins is reduced, the 
classifications of proteins are more diversified. Figures 4 and 5 contained only four to five functional categories 
whereas figures 8 and 9 contain ten to eleven functional categories. 20% of the least frequent proteins from Core and 
27 % of the least frequent proteins from the von Mering dataset have high statistics in the functional category 
“transcription”. 

4.3 Lethality

The list of proteins observed across modules in both datasets was cross-referenced to the list of lethal proteins 
obtained from Yeast Hub. Proteins thus identified to be lethal in both the datasets were quantified according to their 
frequency values and were split into two different categories. The first contained proteins observed more frequently 
(frequency value > 1) and the second contained proteins which were less frequent (frequency value = 1). It is 
important to note that the least average frequency value for a protein occurring across modules is 1, as the average 
frequency value is calculated by dividing the number of times a protein is present in all modules across all module 
sets; by the total number of module sets it is present in. If a protein is just present in one module, and thereby only in 
one module set, its average frequency value would be 1. Refer to section 3.1 and figure 4 for further explanation. Pie 
charts for MIPS functional categories of the most frequent lethal proteins were constructed to analyze the over-
representation pattern of lethal proteins. Both the data sets suggest that the majority of the lethal proteins (28% of 
Core and 39% of von Mering) which are frequently occurring are annotated with the “Transcription” category.

In the CORE dataset, we found 200 lethal proteins among the frequently occurring proteins. This corresponds to 
48%, as there are 416 frequently occurring proteins in total. 
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Table 3. Lethality across frequent proteins (FP) in both the datasets

No. of FP No. of lethal 
proteins

Percentage of lethal 
proteins

Core Dataset 416 200 48.07%
Von Mering Dataset 83 57 68.67%

Table 4. Lethality across less frequent (LF) proteins in both the datasets

No. of LF 
proteins

No. of lethal 
proteins

Percentage of lethal 
proteins

Core Dataset 331 128 38.67%
Von Mering Dataset 213 116 54.46%

Tables 3 and 4 depict the distribution of lethal proteins across the most important and less important proteins in both 
the data sets. In the Core data set, while 48.07% of the most frequent proteins are lethal, 38.67% of less frequent 
proteins are lethal. In a similar manner, in the Von Mering data set, 68.67% of the most frequent proteins are lethal 
while 54.46% of the less frequent proteins are lethal. The values indicate that there is a clear bias of lethality 
towards important proteins.

Statistics of lethal proteins in the list of multi-modular proteins across MIPS functional

Tables 3 and 4 depict the distribution of lethal proteins across frequently and less frequently occurring proteins in 
both the datasets. To learn more about the nature of these lethal proteins, they were cross-referenced with the MIPS 
functional catalogue. As stated earlier in section 3.3, MIPS functional catalogue is used as a comprehensive tool to 
examine over-representation of a given set of proteins across functional categories.

Distribution of most frequent lethal proteins in Core
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 Transcription Control

 Protein Fate

 Cellular Organistion

 Genome Maintainence

 Cell Fate/Organistion

 Uncharachterized

Fig. 13. MIPS statistics of most frequent – lethal proteins of the Core dataset, major distributions: 28% belong to transcription, 
18% belong to cell organization and 13% belong to genome maintenance.   
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Distribution of most frequent lethal proteins in von Mering
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Fig. 14. MIPS statistics of most frequent – lethal proteins of the Von Mering dataset, major distributions: 39% belong to 
transcription, 12% belong to genome maintenance and 11% belong to each of protein fate, cellular organization and translation.   

Majority of the multi modular lethal proteins have been overrepresented in MIPS functional category of 
“transcription” in both the datasets. Transcription is the first of the two stages of the central dogma of molecular 
biology where mRNA is synthesized from the DNA template. The second stage is the synthesis of proteins from 
mRNA. Figure 13 depicts that 28% of lethal proteins in the Core dataset have been overrepresented in transcription, 
18% being overrepresented in cellular organization. Figure 14 shows that 39% of lethal proteins in the Von Mering 
dataset are overrepresented in transcription. Of the lethal proteins that have been identified to have been present in 
both the datasets, proteins such as RPB2, RPB3, RPO21 when cross-referenced with the SGD revealed that they are 
directly involved in the synthesis of RNA from the DNA template. Adverse affects that might arise from 
modifications to the transcription process determining the final gene products is echoed through the results obtained 
in the test for lethality of these multi-modular proteins. 

4.4 Centrality and Hubs

The hub size of all the most frequent proteins was calculated and at different values for hub size, a correlation was 
deduced between the number of most frequent proteins to the number of hubs contained at each threshold. The 
graphs in figures 15 and 16 depict a direct relationship between hub size and the number of most frequent protein 
observed. As the hub threshold increases, the ratio of most frequent proteins (MFP) to the number of hubs increases. 

Table 5(a). Ratio of most frequent proteins to number of hubs at each hub size in the Von Mering data set.

Hub Size No. of MFP No. of Hubs Ratio

3 83 440 0.188636

4 77 361 0.213296

5 74 291 0.254296

6 64 234 0.273504

7 59 191 0.308901

8 57 163 0.349693

9 50 145 0.344828

10 45 133 0.338346

11 43 122 0.352459

12 39 105 0.371429

13 36 97 0.371134
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Fig. 15. Relationship between hub size (x-axis) and ratio (y-axis) of number of hubs to important proteins for the von Mering 
data set. 

Table 5(b). Ratio of most frequent proteins (MFP) to number of hubs at each hub size in the in the Core data set

Hub Size No. of MFP No. of Hubs Ratio

3 418 1195 0.349791

4 409 911 0.448957

5 391 736 0.53125

6 365 609 0.599343

7 340 515 0.660194

8 298 434 0.686636

9 259 365 0.709589

10 213 299 0.712375

11 180 247 0.728745

12 148 200 0.74

13 133 178 0.747191

14 118 158 0.746835

15 99 132 0.75
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Fig. 16. Relationship between hub size and ratio of number of hubs to important proteins for the Core data set.

Though there is a significant difference in the range of ratios of MFP to the number of hubs (mentioned in table 5a 
and 5b) in both the datasets due to the difference in sheer volume of proteins, the trend observed is similar in both 
datasets. The ratio of MFP to number of hubs is directly proportional to the hub size. The average density of a given 
node in the von Mering graph is 4.977 and in the Core graph is 4.771. As mentioned earlier in section 3.5, protein 
interaction networks are considered to be scale-free and high degree nodes play an important role in the network 
architecture. So it would be interesting to find a threshold for hub size to isolate important nodes from less important 
ones. A careful look at the graphs in figures 15 and 16 suggest that the curve tends to normalize from hub sizes 7, 8 
and 9. Statistical tests as well as analysis of physico-chemical properties of hubs identified to be of degree 7 or 
higher would shed some light in the direction towards finding a threshold for hub size to identify essential nodes in 
protein interaction networks. As protein interaction networks are considered to be scale-free, they remain indifferent 
towards random errors. But deletion of vital nodes with a very high degree may result in disconnecting the graph. As 
majority of the MFP are involved in organelle organization, such deletions may result in altering the composition of 
essential constituents of the cell. 

5. Conclusions

A group of important proteins have been identified using the SWEMODE algorithm, presuming that multi-modular 
proteins across various biological processes might be playing more important roles in the biological organization of 
life systems than single modular proteins. Features such a GO terms, functional categories, lethality and centrality 
have been investigated with respect to these important proteins. GO terms suggested that these important proteins 
usually partake in biological process of organelle organization and biogenesis. When investigating statistics for 
MIPS functional categories of those proteins, it was found that a large fraction of multi-modular proteins belong to 
the functional category “cell organization”, thus supporting the findings based on GO terms. Proteins contributing to 
the processes involving transcription, cellular organization and cell fate are predominantly modular proteins, 
working in a group and a majority of them are occurring frequently across these modules. It can also be noticed that 
multi-modular proteins seldom participate in energy production, metabolism, transport and sensing, and stress and 
defense as they were rarely observed among the MIPS functional groups among modular proteins. This finding 
suggests that proteins involved in these processes communicate in one-to-one fashion rather than working as 
modules. In a previous work by Przulj, et.al, (2004) to study important proteins, they suggested that these proteins 
create and support structure rather than transduce cellular signals. The analysis of GO terms of the important 
proteins short-listed in this dissertation reveals that they are usually involved in organelle organization and 
biogenesis. Organelle organization and biogenesis are by definition processes carried out at the cellular level which 
results in the formation, arrangement of constituent parts, or disassembly of any organelle within a cell (Dwight, et 
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al., 2002). Hence findings from the analyses of GO terms in this dissertation work coincide with that of Przulj, et.al, 
(2004).

The overlap between the list of lethal proteins and multi-modular proteins reflects the tendency of multi-modular 
proteins to be more lethal than single module proteins. It was also found that a major fraction of the multi-modular 
proteins which are lethal belong to the MIPS functional category of “transcription”. This may indicate that 
disruption of these proteins involved in transcription can disturb biological organization. It is at the process of 
transcription where DNA is transcribed into RNA, which in turn codes for proteins needed for an organism. Hence 
damages to the transcription process have a ripple effect on the processes where the proteins thus produced are to be 
utilized. Finally the role of important proteins as hubs was investigated; results suggest that the ratio of number of 
important proteins to number of hubs at different hub sizes increases with the hub size. Identifying proteins which 
are frequent across biological process, having a higher hub size can help identify crucial proteins in protein 
interaction networks. A careful look at Figures 14 and 15 shows that the curve plotted for hub size against ratio 
shows a perfect correlation between them. This suggests that the fraction of multi-modular proteins increases with 
increase in hub size.   

The findings of the dissertation work reveal that the multi modular proteins or frequently occurring proteins are 
relatively more important than single module or less frequent proteins. These important proteins are involved in the 
biological processes related to cellular organization and are relatively lethal when compared to other proteins in the 
network. When all these characteristics of proteins are explored, they help in identifying crucial proteins which play 
a substantial role in the organization of life systems.  

6. Future Work

The idea behind using model organisms is to cross-refer the findings of their study across higher eukaryotes to get a 
better understand their biological organization. Comparison of genomes across species in the context of protein 
interaction networks reveals that evolutionarily older proteins have a higher tendency to link to other proteins than 
younger ones (Barabasi & Oltvai, 2004). Hence the study of interaction networks of one organism using the features 
described in this work can help decipher the biological complexities by identifying orthologs and conserved regions. 
The use of computational techniques to identify and cross-refer features across organisms increases the speed of 
decoding complex biological systems, such as humans. Any knowledge gained from the study of genes and proteins 
can be used across species which share conserved domains. The findings in this work portray the amount of 
information that can be obtained from mining protein interaction networks with the help of algorithms such as 
SWEMODE and usage of curated functional information in various databases. The method used for identifying 
important proteins in yeast can also be used for other protein interaction datasets of various species to identify 
imperative details of life systems.   
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Appendix A: 

1. Statistics of multi-modular proteins in Core data set:

Top 10:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 4

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 0
Transcription 2
Transcription Control 0
Protein Fate 3
Cellular Organization 4
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 1
Cell Fate/Organization 1
Uncharacterized 0

Top 20:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 5

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 0
Transcription 4
Transcription Control 1
Protein Fate 3
Cellular Organization 5
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 4
Cell Fate/Organization 2
Uncharacterized 0

Top 30:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 8

Category No. of Proteins present 
Energy Production 0
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A. A. Metabolism 0
Other Metabolism 0
Translation 1
Transcription 6
Transcription Control 2
Protein Fate 3
Cellular Organization 8
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 5
Cell Fate/Organization 4
Uncharacterized 0

Top 40:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 11

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 1
Transcription 6
Transcription Control 4
Protein Fate 4
Cellular Organization 11
Transport and Sensing 1
Stress and Defense 0
Genome Maintenance 7
Cell Fate/Organization 4
Uncharacterized 0

Top 50:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 13

Functional Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 2
Transcription 9
Transcription Control 4
Protein Fate 8
Cellular Organization 13
Transport and Sensing 1
Stress and Defense 0
Genome Maintenance 7
Cell Fate/Organization 4
Uncharacterized 0
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Top 60:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 15

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 2
Transcription 11
Transcription Control 6
Protein Fate 8
Cellular Organization 15
Transport and Sensing 2
Stress and Defense 0
Genome Maintenance 7
Cell Fate/Organization 6
Uncharacterized 0

Top 70:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 17

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 2
Transcription 13
Transcription Control 7
Protein Fate 8
Cellular Organization 17
Transport and Sensing 2
Stress and Defense 0
Genome Maintenance 8
Cell Fate/Organization 6
Uncharacterized 3

Top 80:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 18

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 2
Transcription 16
Transcription Control 7
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Protein Fate 9
Cellular Organization 18
Transport and Sensing 3
Stress and Defense 0
Genome Maintenance 8
Cell Fate/Organization 9
Uncharacterized 4

Top 90:

This group of proteins is over-represented in Functional Category 'Cellular Organization'
No. of Proteins present in this category: 20

Functional Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 2
Transcription 18
Transcription Control 10
Protein Fate 9
Cellular Organization 20
Transport and Sensing 3
Stress and Defense 0
Genome Maintenance 10
Cell Fate/Organization 10
Uncharacterized 4

Top 100:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 21

Functional Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 3
Transcription 21
Transcription Control 11
Protein Fate 9
Cellular Organization 20
Transport and Sensing 3
Stress and Defense 1
Genome Maintenance 12
Cell Fate/Organization 12
Uncharacterized 4

2. Statistics of multi-modular proteins in von Mering dataset:

Top 10:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 4



28

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 0
Transcription 4
Transcription Control 0
Protein Fate 0
Cellular Organization 2
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 2
Cell Fate/Organization 2
Uncharacterized 0

Top 20:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 8

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 1
Transcription 8
Transcription Control 0
Protein Fate 0
Cellular Organization 3
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 3
Cell Fate/Organization 3
Uncharacterized 2

Top 30:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 9

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 4
Transcription 9
Transcription Control 0
Protein Fate 0
Cellular Organization 4
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 5
Cell Fate/Organization 4
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Uncharacterized 4

Top 40:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 13

Category No. of Proteins present 
Energy Production 0
A. A. Metabolism 0
Other Metabolism 0
Translation 4
Transcription 13
Transcription Control 0
Protein Fate 2
Cellular Organization 5
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 6
Cell Fate/Organization 5
Uncharacterized 5

Top 50:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 15

Category No. of Proteins present 
Energy Production 1
A. A. Metabolism 0
Other Metabolism 1
Translation 5
Transcription 15
Transcription Control 1
Protein Fate 4
Cellular Organization 6
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 6
Cell Fate/Organization 5
Uncharacterized 6

Top 60:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 21

Category No. of Proteins present 
Energy Production 1
A. A. Metabolism 0
Other Metabolism 1
Translation 6
Transcription 21
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Transcription Control 1
Protein Fate 4
Cellular Organization 6
Transport and Sensing 0
Stress and Defense 0
Genome Maintenance 7
Cell Fate/Organization 7
Uncharacterized 6

Top 70:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 26

Category No. of Proteins present 
Energy Production 1
A. A. Metabolism 0
Other Metabolism 1
Translation 6
Transcription 26
Transcription Control 1
Protein Fate 5
Cellular Organization 7
Transport and Sensing 1
Stress and Defense 0
Genome Maintenance 7
Cell Fate/Organization 8
Uncharacterized 7

Top 83:

This group of proteins is over-represented in Functional Category 'Transcription'
No. of Proteins present in this category: 30

Category No. of Proteins present 
Energy Production 1
A. A. Metabolism 0
Other Metabolism 1
Translation 7
Transcription 30
Transcription Control 1
Protein Fate 6
Cellular Organization 8
Transport and Sensing 1
Stress and Defense 0
Genome Maintenance 9
Cell Fate/Organization 11
Uncharacterized 8
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Appendix B:

3. GO terms of each set of multi-modular proteins in the Core dataset:

Top 10:
organelle organization and biogenesis 5 out of 10 genes, 50%

ribosome biogenesis and assembly 3 out of 10 genes, 30%

RNA metabolic process 3 out of 10 genes, 30%

vesicle-mediated transport 2 out of 10 genes, 20%

cell cycle 2 out of 10 genes, 20%

DNA metabolic process 2 out of 10 genes, 20%

protein catabolic process 2 out of 10 genes, 20%

transport 2 out of 10 genes, 20%

membrane organization and biogenesis 1 out of 10 genes, 10%

cytokinesis 1 out of 10 genes, 10%

response to stress 1 out of 10 genes, 10%

anatomical structure morphogenesis 1 out of 10 genes, 10%

cell budding 1 out of 10 genes, 10%

meiosis 1 out of 10 genes, 10%

transcription 1 out of 10 genes, 10%

protein modification process 1 out of 10 genes, 10%

sporulation 1 out of 10 genes, 10%

cell homeostasis 1 out of 10 genes, 10%

Top 20:
organelle organization and biogenesis 12 out of 19 genes, 63.2%

RNA metabolic process 9 out of 19 genes, 47.4%

DNA metabolic process 7 out of 19 genes, 36.8%

transcription 6 out of 19 genes, 31.6%

ribosome biogenesis and assembly 6 out of 19 genes, 31.6%

cell cycle 5 out of 19 genes, 26.3%

response to stress 4 out of 19 genes, 21.1%

anatomical structure morphogenesis 3 out of 19 genes, 15.8%

cell budding 3 out of 19 genes, 15.8%

vesicle-mediated transport 3 out of 19 genes, 15.8%

meiosis 3 out of 19 genes, 15.8%

transport 3 out of 19 genes, 15.8%

protein modification process 3 out of 19 genes, 15.8%

sporulation 2 out of 19 genes, 10.5%

cell homeostasis 2 out of 19 genes, 10.5%

membrane organization and biogenesis 2 out of 19 genes, 10.5%

protein catabolic process 2 out of 19 genes, 10.5%

cytoskeleton organization and biogenesis 1 out of 19 genes, 5.3%

cytokinesis 1 out of 19 genes, 5.3%

generation of precursor metabolites and energy 1 out of 19 genes, 5.3%
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carbohydrate metabolic process 1 out of 19 genes, 5.3%

Top 30:
organelle organization and biogenesis 19 out of 29 genes, 65.5%

RNA metabolic process 13 out of 29 genes, 44.8%

ribosome biogenesis and assembly 10 out of 29 genes, 34.5%

transcription 8 out of 29 genes, 27.6%

DNA metabolic process 8 out of 29 genes, 27.6%

transport 6 out of 29 genes, 20.7%

cell cycle 5 out of 29 genes, 17.2%

response to stress 5 out of 29 genes, 17.2%

anatomical structure morphogenesis 4 out of 29 genes, 13.8%

membrane organization and biogenesis 3 out of 29 genes, 10.3%

vesicle-mediated transport 3 out of 29 genes, 10.3%

cell budding 3 out of 29 genes, 10.3%

meiosis 3 out of 29 genes, 10.3%

protein modification process 3 out of 29 genes, 10.3%

protein catabolic process 2 out of 29 genes, 6.9%

cytoskeleton organization and biogenesis 2 out of 29 genes, 6.9%

nuclear organization and biogenesis 2 out of 29 genes, 6.9%

sporulation 2 out of 29 genes, 6.9%

cell homeostasis 2 out of 29 genes, 6.9%

translation 1 out of 29 genes, 3.4%

generation of precursor metabolites and energy 1 out of 29 genes, 3.4%

cytokinesis 1 out of 29 genes, 3.4%

carbohydrate metabolic process 1 out of 29 genes, 3.4%

Top 40:
organelle organization and biogenesis 24 out of 39 genes, 61.5%

RNA metabolic process 15 out of 39 genes, 38.5%

DNA metabolic process 10 out of 39 genes, 25.6%

transcription 10 out of 39 genes, 25.6%

ribosome biogenesis and assembly 10 out of 39 genes, 25.6%

transport 9 out of 39 genes, 23.1%

cell cycle 7 out of 39 genes, 17.9%

protein modification process 6 out of 39 genes, 15.4%

response to stress 6 out of 39 genes, 15.4%

vesicle-mediated transport 5 out of 39 genes, 12.8%

cytoskeleton organization and biogenesis 4 out of 39 genes, 10.3%

anatomical structure morphogenesis 4 out of 39 genes, 10.3%

nuclear organization and biogenesis 3 out of 39 genes, 7.7%

cell budding 3 out of 39 genes, 7.7%

protein catabolic process 3 out of 39 genes, 7.7%

meiosis 3 out of 39 genes, 7.7%

membrane organization and biogenesis 3 out of 39 genes, 7.7%

sporulation 3 out of 39 genes, 7.7%

cell homeostasis 2 out of 39 genes, 5.1%
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cytokinesis 1 out of 39 genes, 2.6%

carbohydrate metabolic process 1 out of 39 genes, 2.6%

translation 1 out of 39 genes, 2.6%

generation of precursor metabolites and energy 1 out of 39 genes, 2.6%

cell wall organization and biogenesis 1 out of 39 genes, 2.6%

Top 50:
organelle organization and biogenesis 26 out of 49 genes, 53.1%

RNA metabolic process 18 out of 49 genes, 36.7%

transcription 13 out of 49 genes, 26.5%

transport 11 out of 49 genes, 22.4%

DNA metabolic process 10 out of 49 genes, 20.4%

ribosome biogenesis and assembly 10 out of 49 genes, 20.4%

cell cycle 7 out of 49 genes, 14.3%

protein catabolic process 7 out of 49 genes, 14.3%

vesicle-mediated transport 6 out of 49 genes, 12.2%

response to stress 6 out of 49 genes, 12.2%

protein modification process 6 out of 49 genes, 12.2%

cytoskeleton organization and biogenesis 4 out of 49 genes, 8.2%

anatomical structure morphogenesis 4 out of 49 genes, 8.2%

cell budding 3 out of 49 genes, 6.1%

meiosis 3 out of 49 genes, 6.1%

nuclear organization and biogenesis 3 out of 49 genes, 6.1%

membrane organization and biogenesis 3 out of 49 genes, 6.1%

sporulation 3 out of 49 genes, 6.1%

translation 2 out of 49 genes, 4.1%

cell homeostasis 2 out of 49 genes, 4.1%

generation of precursor metabolites and energy 1 out of 49 genes, 2.0%

cell wall organization and biogenesis 1 out of 49 genes, 2.0%

carbohydrate metabolic process 1 out of 49 genes, 2.0%

cytokinesis 1 out of 49 genes, 2.0%

Top 60:
organelle organization and biogenesis 31 out of 59 genes, 52.5%

RNA metabolic process 23 out of 59 genes, 39%

transcription 17 out of 59 genes, 28.8%

transport 13 out of 59 genes, 22.0%

DNA metabolic process 11 out of 59 genes, 18.6%

cell cycle 11 out of 59 genes, 18.6%

ribosome biogenesis and assembly 10 out of 59 genes, 16.9%

protein catabolic process 9 out of 59 genes, 15.3%

protein modification process 9 out of 59 genes, 15.3%

response to stress 7 out of 59 genes, 11.9%

vesicle-mediated transport 7 out of 59 genes, 11.9%

anatomical structure morphogenesis 6 out of 59 genes, 10.2%

cytoskeleton organization and biogenesis 5 out of 59 genes, 8.5%

nuclear organization and biogenesis 5 out of 59 genes, 8.5%

membrane organization and biogenesis 4 out of 59 genes, 6.8%

cell budding 4 out of 59 genes, 6.8%
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cell homeostasis 4 out of 59 genes, 6.8%

meiosis 3 out of 59 genes, 5.1%

sporulation 3 out of 59 genes, 5.1%

translation 3 out of 59 genes, 5.1%

generation of precursor metabolites and energy 2 out of 59 genes, 3.4%

carbohydrate metabolic process 2 out of 59 genes, 3.4%

cell wall organization and biogenesis 1 out of 59 genes, 1.7%

conjugation 1 out of 59 genes, 1.7%

cytokinesis 1 out of 59 genes, 1.7%

pseudohyphal growth 1 out of 59 genes, 1.7%

Top 70: 
organelle organization and biogenesis 38 out of 69 genes, 55.1%

RNA metabolic process 30 out of 69 genes, 43.5%

transcription 20 out of 69 genes, 29%

transport 16 out of 69 genes, 23.2%

ribosome biogenesis and assembly 15 out of 69 genes, 21.7%

cell cycle 12 out of 69 genes, 17.4%

DNA metabolic process 11 out of 69 genes, 15.9%

protein modification process 10 out of 69 genes, 14.5%

vesicle-mediated transport 9 out of 69 genes, 13.0%

protein catabolic process 9 out of 69 genes, 13.0%

response to stress 7 out of 69 genes, 10.1%

anatomical structure morphogenesis 6 out of 69 genes, 8.7%

nuclear organization and biogenesis 5 out of 69 genes, 7.2%

cytoskeleton organization and biogenesis 5 out of 69 genes, 7.2%

membrane organization and biogenesis 4 out of 69 genes, 5.8%

cell budding 4 out of 69 genes, 5.8%

meiosis 4 out of 69 genes, 5.8%

cell homeostasis 4 out of 69 genes, 5.8%

sporulation 3 out of 69 genes, 4.3%

translation 3 out of 69 genes, 4.3%

carbohydrate metabolic process 2 out of 69 genes, 2.9%

generation of precursor metabolites and energy 2 out of 69 genes, 2.9%

cell wall organization and biogenesis 1 out of 69 genes, 1.4%

conjugation 1 out of 69 genes, 1.4%

cytokinesis 1 out of 69 genes, 1.4%

pseudohyphal growth 1 out of 69 genes, 1.4%

Top 80:
organelle organization and biogenesis 44 out of 79 genes, 55.7%

RNA metabolic process 35 out of 79 genes, 44.3%

transcription 24 out of 79 genes, 30.4%

transport 20 out of 79 genes, 25.3%

ribosome biogenesis and assembly 16 out of 79 genes, 20.3%

DNA metabolic process 13 out of 79 genes, 16.5%

vesicle-mediated transport 12 out of 79 genes, 15.2%

cell cycle 12 out of 79 genes, 15.2%
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protein modification process 12 out of 79 genes, 15.2%

protein catabolic process 10 out of 79 genes, 12.7%

response to stress 10 out of 79 genes, 12.7%

anatomical structure morphogenesis 8 out of 79 genes, 10.1%

cytoskeleton organization and biogenesis 7 out of 79 genes, 8.9%

membrane organization and biogenesis 6 out of 79 genes, 7.6%

cell budding 6 out of 79 genes, 7.6%

nuclear organization and biogenesis 5 out of 79 genes, 6.3%

cell homeostasis 5 out of 79 genes, 6.3%

meiosis 4 out of 79 genes, 5.1%

translation 3 out of 79 genes, 3.8%

sporulation 3 out of 79 genes, 3.8%

cytokinesis 3 out of 79 genes, 3.8%

generation of precursor metabolites and energy 2 out of 79 genes, 2.5%

carbohydrate metabolic process 2 out of 79 genes, 2.5%

conjugation 1 out of 79 genes, 1.3%

pseudohyphal growth 1 out of 79 genes, 1.3%

cell wall organization and biogenesis 1 out of 79 genes, 1.3%

Top 90:
organelle organization and biogenesis 49 out of 89 genes, 55.1%

RNA metabolic process 39 out of 89 genes, 43.8%

transcription 28 out of 89 genes, 31.5%

transport 22 out of 89 genes, 24.7%

DNA metabolic process 17 out of 89 genes, 19.1%

ribosome biogenesis and assembly 16 out of 89 genes, 18%

protein modification process 15 out of 89 genes, 16.9%

response to stress 13 out of 89 genes, 14.6%

vesicle-mediated transport 13 out of 89 genes, 14.6%

cell cycle 13 out of 89 genes, 14.6%

protein catabolic process 10 out of 89 genes, 11.2%

anatomical structure morphogenesis 10 out of 89 genes, 11.2%

cytoskeleton organization and biogenesis 9 out of 89 genes, 10.1%

cell budding 7 out of 89 genes, 7.9%

membrane organization and biogenesis 6 out of 89 genes, 6.7%

nuclear organization and biogenesis 5 out of 89 genes, 5.6%

cell homeostasis 5 out of 89 genes, 5.6%

meiosis 4 out of 89 genes, 4.5%

cytokinesis 4 out of 89 genes, 4.5%

sporulation 4 out of 89 genes, 4.5%

translation 3 out of 89 genes, 3.4%

pseudohyphal growth 2 out of 89 genes, 2.2%

carbohydrate metabolic process 2 out of 89 genes, 2.2%

generation of precursor metabolites and energy 2 out of 89 genes, 2.2%

conjugation 2 out of 89 genes, 2.2%

cell wall organization and biogenesis 1 out of 89 genes, 1.1%

signal transduction 1 out of 89 genes, 1.1%

Top 100:
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organelle organization and biogenesis 54 out of 99 genes, 54.5%
RNA metabolic process 44 out of 99 genes, 44.4%
transcription 31 out of 99 genes, 31.3%
transport 23 out of 99 genes, 23.2%

DNA metabolic process 18 out of 99 genes, 18.2%
ribosome biogenesis and assembly 18 out of 99 genes, 18.2%
protein modification process 18 out of 99 genes, 18.2%
cell cycle 17 out of 99 genes, 17.2%
response to stress 16 out of 99 genes, 16.2%
vesicle-mediated transport 14 out of 99 genes, 14.1%

anatomical structure morphogenesis 14 out of 99 genes, 14.1%
protein catabolic process 10 out of 99 genes, 10.1%
cytoskeleton organization and biogenesis 10 out of 99 genes, 10.1%
cell budding 8 out of 99 genes, 8.1%
membrane organization and biogenesis 7 out of 99 genes, 7.1%
cell homeostasis 6 out of 99 genes, 6.1%

nuclear organization and biogenesis 5 out of 99 genes, 5.1%
cytokinesis 5 out of 99 genes, 5.1%
meiosis 5 out of 99 genes, 5.1%
sporulation 5 out of 99 genes, 5.1%
translation 4 out of 99 genes, 4.0%
signal transduction 4 out of 99 genes, 4.0%

cell wall organization and biogenesis 2 out of 99 genes, 2.0%
conjugation 2 out of 99 genes, 2.0%
generation of precursor metabolites and energy 2 out of 99 genes, 2.0%
pseudohyphal growth 2 out of 99 genes, 2.0%
carbohydrate metabolic process 2 out of 99 genes, 2.0%

4. GO terms of each set of multi-modular proteins in von Mering dataset:

Top 10:
organelle organization and biogenesis 6 out of 10 genes, 60%

RNA metabolic process 4 out of 10 genes, 40%

transport 4 out of 10 genes, 40%

membrane organization and biogenesis 2 out of 10 genes, 20%

vesicle-mediated transport 2 out of 10 genes, 20%

cytokinesis 2 out of 10 genes, 20%

transcription 2 out of 10 genes, 20%

response to stress 2 out of 10 genes, 20%

cytoskeleton organization and biogenesis 2 out of 10 genes, 20%

ribosome biogenesis and assembly 2 out of 10 genes, 20%

anatomical structure morphogenesis 2 out of 10 genes, 20%

cell budding 2 out of 10 genes, 20%

cell wall organization and biogenesis 1 out of 10 genes, 10%

nuclear organization and biogenesis 1 out of 10 genes, 10%

DNA metabolic process 1 out of 10 genes, 10%

Top 20:
organelle organization and biogenesis 14 out of 20 genes, 70%

RNA metabolic process 9 out of 20 genes, 45%
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ribosome biogenesis and assembly 9 out of 20 genes, 45%

transport 5 out of 20 genes, 25%

anatomical structure morphogenesis 3 out of 20 genes, 15%

response to stress 3 out of 20 genes, 15%

membrane organization and biogenesis 2 out of 20 genes, 10%

cell budding 2 out of 20 genes, 10%

vesicle-mediated transport 2 out of 20 genes, 10%

transcription 2 out of 20 genes, 10%

cytoskeleton organization and biogenesis 2 out of 20 genes, 10%

cell cycle 2 out of 20 genes, 10%

DNA metabolic process 2 out of 20 genes, 10%

cytokinesis 2 out of 20 genes, 10%

nuclear organization and biogenesis 1 out of 20 genes, 5%

pseudohyphal growth 1 out of 20 genes, 5%

signal transduction 1 out of 20 genes, 5%

translation 1 out of 20 genes, 5%

cell wall organization and biogenesis 1 out of 20 genes, 5%

protein catabolic process 1 out of 20 genes, 5%

protein modification process 1 out of 20 genes, 5%

Top 30:
organelle organization and biogenesis 20 out of 30 genes, 66.7%

ribosome biogenesis and assembly 15 out of 30 genes, 50%

RNA metabolic process 13 out of 30 genes, 43.3%

transport 6 out of 30 genes, 20%

anatomical structure morphogenesis 5 out of 30 genes, 16.7%

response to stress 4 out of 30 genes, 13.3%

translation 4 out of 30 genes, 13.3%

transcription 3 out of 30 genes, 10%

pseudohyphal growth 3 out of 30 genes, 10%

membrane organization and biogenesis 2 out of 30 genes, 6.7%

cytokinesis 2 out of 30 genes, 6.7%

cytoskeleton organization and biogenesis 2 out of 30 genes, 6.7%

vesicle-mediated transport 2 out of 30 genes, 6.7%

cell cycle 2 out of 30 genes, 6.7%

signal transduction 2 out of 30 genes, 6.7%

DNA metabolic process 2 out of 30 genes, 6.7%

cell budding 2 out of 30 genes, 6.7%

cell wall organization and biogenesis 1 out of 30 genes, 3.3%

nuclear organization and biogenesis 1 out of 30 genes, 3.3%

protein catabolic process 1 out of 30 genes, 3.3%

protein modification process 1 out of 30 genes, 3.3%

Top 40:
organelle organization and biogenesis 28 out of 40 genes, 70%

ribosome biogenesis and assembly 20 out of 40 genes, 50%

RNA metabolic process 19 out of 40 genes, 47.5%

transport 8 out of 40 genes, 20%

anatomical structure morphogenesis 6 out of 40 genes, 15%
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cell cycle 5 out of 40 genes, 12.5%

DNA metabolic process 4 out of 40 genes, 10%

cytokinesis 4 out of 40 genes, 10%

response to stress 4 out of 40 genes, 10%

protein modification process 4 out of 40 genes, 10%

translation 4 out of 40 genes, 10%

transcription 4 out of 40 genes, 10%

protein catabolic process 3 out of 40 genes, 7.5%

vesicle-mediated transport 3 out of 40 genes, 7.5%

pseudohyphal growth 3 out of 40 genes, 7.5%

membrane organization and biogenesis 2 out of 40 genes, 5%

cytoskeleton organization and biogenesis 2 out of 40 genes, 5%

signal transduction 2 out of 40 genes, 5%

cell budding 2 out of 40 genes, 5%

nuclear organization and biogenesis 1 out of 40 genes, 2.5%

meiosis 1 out of 40 genes, 2.5%

cell wall organization and biogenesis 1 out of 40 genes, 2.5%

cell homeostasis 1 out of 40 genes, 2.5%

Top 50:
organelle organization and biogenesis 31 out of 50 genes, 62%

RNA metabolic process 24 out of 50 genes, 48%

ribosome biogenesis and assembly 22 out of 50 genes, 44%

transport 9 out of 50 genes, 18%

anatomical structure morphogenesis 6 out of 50 genes, 12%

cell cycle 6 out of 50 genes, 12%

translation 6 out of 50 genes, 12%

protein modification process 5 out of 50 genes, 10%

response to stress 5 out of 50 genes, 10%

protein catabolic process 5 out of 50 genes, 10%

DNA metabolic process 5 out of 50 genes, 10%

transcription 5 out of 50 genes, 10%

cytokinesis 4 out of 50 genes, 8%

vesicle-mediated transport 4 out of 50 genes, 8%

pseudohyphal growth 3 out of 50 genes, 6%

cytoskeleton organization and biogenesis 2 out of 50 genes, 4%

membrane organization and biogenesis 2 out of 50 genes, 4%

cell budding 2 out of 50 genes, 4%

signal transduction 2 out of 50 genes, 4%

generation of precursor metabolites and energy 1 out of 50 genes, 2%

carbohydrate metabolic process 1 out of 50 genes, 2%

meiosis 1 out of 50 genes, 2%

cell wall organization and biogenesis 1 out of 50 genes, 2%

nuclear organization and biogenesis 1 out of 50 genes, 2%

cellular respiration 1 out of 50 genes, 2%

cell homeostasis 1 out of 50 genes, 2%

Top 60:
organelle organization and biogenesis 38 out of 60 genes, 63.3%
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RNA metabolic process 32 out of 60 genes, 53.3%

ribosome biogenesis and assembly 28 out of 60 genes, 46.7%

transport 10 out of 60 genes, 16.7%

transcription 8 out of 60 genes, 13.3%

cell cycle 7 out of 60 genes, 11.7%

anatomical structure morphogenesis 7 out of 60 genes, 11.7%

response to stress 6 out of 60 genes, 10%

protein modification process 6 out of 60 genes, 10%

translation 6 out of 60 genes, 10%

protein catabolic process 6 out of 60 genes, 10%

DNA metabolic process 5 out of 60 genes, 8.3%

cytokinesis 4 out of 60 genes, 6.7%

vesicle-mediated transport 4 out of 60 genes, 6.7%

pseudohyphal growth 3 out of 60 genes, 5%

cytoskeleton organization and biogenesis 2 out of 60 genes, 3.3%

membrane organization and biogenesis 2 out of 60 genes, 3.3%

cell budding 2 out of 60 genes, 3.3%

signal transduction 2 out of 60 genes, 3.3%

cell homeostasis 2 out of 60 genes, 3.3%

carbohydrate metabolic process 1 out of 60 genes, 1.7%

meiosis 1 out of 60 genes, 1.7%

cell wall organization and biogenesis 1 out of 60 genes, 1.7%

nuclear organization and biogenesis 1 out of 60 genes, 1.7%

cellular respiration 1 out of 60 genes, 1.7%

generation of precursor metabolites and energy 1 out of 60 genes, 1.7%

Top 70:
organelle organization and biogenesis 46 out of 70 genes, 65.7%

RNA metabolic process 38 out of 70 genes, 54.3%

ribosome biogenesis and assembly 33 out of 70 genes, 47.1%

transport 10 out of 70 genes, 14.3%

transcription 9 out of 70 genes, 12.9%

anatomical structure morphogenesis 9 out of 70 genes, 12.9%

cell cycle 8 out of 70 genes, 11.4%

response to stress 8 out of 70 genes, 11.4%

protein catabolic process 7 out of 70 genes, 10%

protein modification process 7 out of 70 genes, 10%

translation 6 out of 70 genes, 8.6%

DNA metabolic process 5 out of 70 genes, 7.1%

cell homeostasis 5 out of 70 genes, 7.1%

cytokinesis 4 out of 70 genes, 5.7%

pseudohyphal growth 4 out of 70 genes, 5.7%

vesicle-mediated transport 4 out of 70 genes, 5.7%

signal transduction 3 out of 70 genes, 4.3%

cytoskeleton organization and biogenesis 3 out of 70 genes, 4.3%

membrane organization and biogenesis 2 out of 70 genes, 2.9%

cell budding 2 out of 70 genes, 2.9%

cell wall organization and biogenesis 1 out of 70 genes, 1.4%
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carbohydrate metabolic process 1 out of 70 genes, 1.4%

meiosis 1 out of 70 genes, 1.4%

cellular respiration 1 out of 70 genes, 1.4%

nuclear organization and biogenesis 1 out of 70 genes, 1.4%

sporulation 1 out of 70 genes, 1.4%

generation of precursor metabolites and energy 1 out of 70 genes, 1.4%

Top 83 (All of most frequent):
organelle organization and biogenesis 54 out of 83 genes, 65.1%

RNA metabolic process 46 out of 83 genes, 55.4%

ribosome biogenesis and assembly 39 out of 83 genes, 47%

cell cycle 13 out of 83 genes, 15.7%

transcription 12 out of 83 genes, 14.5%

anatomical structure morphogenesis 11 out of 83 genes, 13.3%

response to stress 11 out of 83 genes, 13.3%

transport 10 out of 83 genes, 12.0%

protein modification process 10 out of 83 genes, 12.0%

DNA metabolic process 7 out of 83 genes, 8.4%

protein catabolic process 7 out of 83 genes, 8.4%

translation 7 out of 83 genes, 8.4%

cell homeostasis 7 out of 83 genes, 8.4%

cytoskeleton organization and biogenesis 5 out of 83 genes, 6.0%

cytokinesis 4 out of 83 genes, 4.8%

pseudohyphal growth 4 out of 83 genes, 4.8%

signal transduction 4 out of 83 genes, 4.8%

vesicle-mediated transport 4 out of 83 genes, 4.8%

cell budding 3 out of 83 genes, 3.6%

meiosis 2 out of 83 genes, 2.4%

generation of precursor metabolites and energy 2 out of 83 genes, 2.4%

membrane organization and biogenesis 2 out of 83 genes, 2.4%

carbohydrate metabolic process 2 out of 83 genes, 2.4%

sporulation 2 out of 83 genes, 2.4%

cell wall organization and biogenesis 2 out of 83 genes, 2.4%

cellular respiration 1 out of 83 genes, 1.2%

nuclear organization and biogenesis 1 out of 83 genes, 1.2%


