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Abstract

Motivation: Proteins are essential macromolecules of life and thus understanding their function is of great importance. The
number of functionally unclassified proteins is large even for simple and well studied organisms such as baker’s yeast.
Methods for determining protein function have shifted their focus from targeting specific proteins based solely on sequence
homology to analyses of the entire proteome based on protein-protein interaction (PPI) networks. Since proteins interact to
perform a certain function, analyzing structural properties of PPI networks may provide useful clues about the biological
function of individual proteins, protein complexes they participate in, and even larger subcellular machines.

Results: We design a sensitive graph theoretic method for comparing local structures of node neighborhoods that demon-
strates that in PPI networks, biological function of a node and its local network structure are closely related. The method
summarizes a protein’s local topology in a PPI network into the vector of graphlet degrees called the signature of the protein
and computes the signature similarities between all protein pairs. We group topologically similar proteins under this measure
in a PPI network and show that these protein groups belong to the same protein complexes, perform the same biological
functions, are localized in the same subcellular compartments, and have the same tissue expressions. Moreover, we apply
our technique on a proteome-scale network data and infer biological function of yet unclassified proteins demonstrating that
our method can provide valuable guidelines for future experimental research such as disease protein prediction.

Availability: Data is available upon request.

Introduction

The recent technological advances in experimental biology have yielded large amounts of biological
network data. One such example is protein-protein interaction (PPI) networks (or graphs), in which
nodes correspond to proteins and undirected edges represent physical interactions between them. Since
a protein almost never acts in isolation, but rather interacts with other proteins in order to perform a
certain function, PPI networks by definition reflect the interconnected nature of biological processes.
Analyses of PPI networks may give valuable insight into biological mechanisms and provide deeper
understanding of complex diseases. Defining the relationship between the PPI network topology and
biological function and inferring protein function from it is one of the major challenges in the post-
genomic era (Schwikowski and Fields, 2000; Hishigaki et al. 2001; Vazquez et al. 2003; Letovsky and
Kasif, 2003; Deng et al. 2003, 2004; Brun et al. 2004; Nabieva et al. 2005).

Background

Various approaches for determining protein function from PPI networks have been proposed.
“Neighborhood-oriented” approaches observe the neighborhood of a protein to predict its function by
finding the most common function(s) among its neighbors. The “majority rule” approach considers only
nodes directly connected to the protein of interest (Schwikowski and Fields, 2000). An improvement
is made by also observing indirectly connected level-2 neighbors of a node (Chua et al. 2006). Further-
more, the function with the highest x> value amongst the functions of all “n-neighboring proteins” is
assigned to the protein of interest (Hishigaki et al. 2001). Other approaches use the idea of shared
neighbors (Samanta and Liang, 2003) or the network flow-based idea (Nabieva et al. 2005) to determine
protein function.
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Several global optimization-based function
prediction strategies have also been proposed. Any
given assignment of functions to the whole set of
unclassified proteins in a network is given a score,
counting the number of interacting pairs of nodes
with no common function; the functional assign-
ment with the lowest score maximizes the presence
of the same function among interacting proteins
(Vazquez et al. 2003). An approach that reduces
the computation requirements of this method has
been proposed (Sun et al. 2006).

Cluster-based approaches are exploiting the
existence of regions in PPI networks that contain
a large number of connections between the con-
stituent proteins. These dense regions are a sign of
the common involvement of those proteins in cer-
tain biological processes and therefore are feasible
candidates for biological complexes. The restricted-
neighborhood-search clustering algorithm effi-
ciently partitions a PPI network into clusters
identifying known and predicting unknown protein
complexes (King et al. 2004). Similarly, highly
connected subgraphs are used to identify clusters
in networks (Hartuv and Shamir, 2000), defining
the relationship between the PPI network size and
the number and complexity of the identified clus-
ters, and identifying known protein complexes
from these clusters (Przulj et al. 2004). Moreover,
Czekanowski-Dice distance is used for protein
function prediction by forming clusters of proteins
sharing a high percentage of interactions (Brun
et al. 2004).

In addition to protein function prediction, several
studies have investigated associations between
diseases and PPI network topology. Radivojac et al.
(Radivojac et al. 2008) have tried to identify
candidate disease genes from a human PPI network
by encoding each gene in the network based on the
distribution of shortest path lengths to all genes
associated with disease or having known functional
annotation. Additionally, Jonsson and Bates (Jonsson
and Bates, 2006) analyzed network properties of
cancer genes and demonstrated greater connectivity
and centrality of cancer genes compared to non-
cancer genes indicating an increased central role of
cancer genes within the interactome.

Approach

We address the above mentioned challenge as fol-
lows. First, we verify that in PPI networks of yeast
and human, local network structure and biological

function are closely related. We do this by designing
a method that clusters together nodes of a PPI
network with similar topological surroundings and
by demonstrating that it successfully uncovers
groups of proteins belonging to the same protein
complexes, carrying out the same biological func-
tions, being localized in the same subcellular
compartments, and having the same tissue expres-
sions. Since we verify this for PPI networks of a
unicellular and a multicellular eukaryotic organism
(yeast and human, respectively), we hypothesize
that PPI network structure and biological function
are related in other eukaryotic organisms as well.
Next, since the number of functionally unclassified
proteins is large even for simple and well studied
organisms such as baker’s yeast Saccharomyces
cerevisiae (Pena-Castillo and Hughes, 2007), we
describe how to apply our technique to predict
membership in protein complexes, biological
functional groups, and subcellular compartments
of yet unclassified yeast proteins. Additionally, we
show how the method can be used for identification
of potential disease genes.

Our method belongs to the group of clustering-
based approaches. However, compared to other
methods that define a cluster as a dense intercon-
nected region of a network, our method defines it
as a set of nodes with similar topological signatures
(defined below). Thus, nodes belonging to the same
cluster do not need to be connected or belong to
the same part of the network.

Methods

Our new measure of node similarity generalizes
the degree of a node, which counts the number of
edges that the node touches, into the vector of
graphlet degrees, counting the number of graph-
lets that the node touches; graphlets are small
connected non-isomorphic induced subgraphs of
a large network (Przulj et al. 2004) (see Fig. 1).
As opposed to partial subgraphs (e.g. network
motifs (Milo et al. 2002)), graphlets must be
induced, i.e. they must contain all edges between
the nodes of the subgraph that are present in the
large network. We count the number of graphlets
touching a node for all 2-5-node graphlets,
denoted by G,, G,, ..., G,y in Figure 1; counts
involving larger graphlets become computation-
ally infeasible for large networks. Clearly, the
degree of a node is the first coordinate in this vec-
tor, since an edge (graphlet G) is the only 2-node
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graphlet. We call this vector the signature of a
node. For example, an outer (black) node in
graphlet G, touches graphlets G,,, G,, G5, and G,
once, and it touches no other graphlets. It is topo-
logically relevant to distinguish between nodes
touching a 3-node linear path (graphlet G,) at an
end, or at the middle node; we provide a mathe-
matical formulation of this phenomenon for all
graphlets with 2—5 nodes. This is summarized by
automorphism orbits (or just orbits, for brevity):
by taking into account the “symmetries” between
nodes of a graphlet, there are 73 different orbits
for 2—-5-node graphlets, numerated from 0 to 72
in Figure 1 (see (Przulj, 2006) for details). Thus,
the signature vector of a node has 73 coordinates.
For example, a node at orbit 15 in graphlet G,
touches orbits 0, 1, 4, and 15 once, and all other
orbits zero times. Thus, its signature will have 1s
in the Oth, 1st, 4th, and 15th coordinate, and Os in
the remaining 69 coordinates.

We compute node signature similarities as fol-
lows. We define a 73-dimensional vector W con-
taining the weights w, corresponding to orbits
i € {0, ..., 72}. We assign different weights to dif-
ferent orbits for the reasons illustrated below. For
example, the differences in orbit 0 (i.e. in the
degree) of two nodes will automatically imply the
differences in all other orbits for these nodes, since

all orbits contain, i.e. “depend on”, orbit 0.
Similarly, the differences in orbit 3 (the triangle)
of two nodes will automatically imply the differ-
ences in all other orbits of the two nodes that
contain orbit 3, such as orbits 14 and 72. We
generalize this to all orbits. Thus, we need to assign
higher weights to “important” orbits, those that are
not affected by many other orbits, and lower
weights to “less important” orbits, those that
depend on many other orbits. By doing so, we
remove the redundancy of an orbit contained in
other orbits. To compute weights w;s, each orbit i
is assigned an integer o, that is obtained simply by
counting the number of orbits that affect orbit i.
We consider that each orbit affects itself. For
example, for orbit 15, 0,5 = 4, since it is affected
by orbits 0, 1, 4, and itself; similarly, o,, =5, since
orbit 44 is affected by orbits 0, 2, 3, 11, and itself.
We compute w; as a function of o, as follows:

L log(o)
' log(73)

We apply a logarithm function to o;s to assign
higher weights w;s to the more “important” orbits
(those that are not affected by many other orbits).
Also, since the maximum value that an o, can take
is 73 (for 2-5-node graphlets), we divide log(o,)
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by log(73) to scale it to [0, 1]. Since an orbit
dependency count o, of 1 indicates that no other
orbits affect orbit 7 (i.e. this orbit is of the highest
importance), we invert this scaled value of orbit
dependencies to assign the highest weight w; of 1
to orbit i with 0, = 1. Clearly, w; € [0, 1] forall i e
{0, ..., 72} and the formula correctly assigns lower
weights to less important orbits.

For a node u, we denote by u, the ith coordinate
of its signature vector, i.e. ; is the number of times
node u touches orbit i. We define the distance D(u, v)
between the ith orbits of nodes u and v as:

D (v = wx ‘log( u,+ 1) log( v, + 1)‘

’ ’ log(max{ u,v, }+ 2)

We use log in the numerator because the ith coor-
dinates of signature vectors of two nodes can differ
by several orders of magnitude and the distance
measure should not be entirely dominated by these
large values. Also, by using these logarithms, we
take into account the relative difference between
u; and v, instead of the absolute difference. We add
1 to u; and v, in the numerator of the formula for
D (u, v) to prevent the logarithm function to go to
infinity. We scale D, to be in (0, 1) by dividing with
the value of the denominator in the formula for
D(u, v). We add 2 in the denominator of the for-
mula for D(u, v) to prevent it from being infinite
or 0. We define the total distance D(u, v) between
nodes u and v as:

7
Y.~ D
i=0 1
2
IR
i=0 i

D(u,v)=
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Clearly, the distance D(u, v) is in [0, 1), where
distance 0 means the identity of signatures of nodes
u and v. Finally, the signature similarity, S(u, v),
between nodes « and v is:

S(u, v)=1-D(u, v).

For example, the two outer (black) nodes at orbit
15 in graphlet G, have the same signatures, and
thus, their total distance is 0 and their signature
similarity is 1.

We form clusters in a PPI network as follows.
For a node of interest, we construct a cluster con-
taining that node and all nodes in a network that
are similar to it; we repeat this for each node in the
PPI network. According to the signature similarity
metric, nodes u and v will be in the same cluster if
their signature similarity S(u, v) is above a chosen
threshold. We choose an experimentally deter-
mined thresholds 0 0.9-0.95. For thresholds above
these values, only a few small clusters are obtained,
especially for smaller PPI networks, indicating too
high stringency in signature similarities. For
thresholds bellow 0.9, the clusters are very large,
especially for larger PPI networks, indicating a loss
of signature similarity. To illustrate signature
similarities and our choices of signature similarity
thresholds, in Figure 2 we present the signature
vectors of yeast proteins in the PPI network of
(Krogan et al. 2006) with signature similarities
above 0.90 (Fig. 2A) and below 0.40 (Fig. 2B).
Signature vectors of proteins with high signature
similarities follow the same pattern, while those
of proteins with low signature similarities have
very different patterns.

Signatures of proteins with similarities bellow 0.40
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Figure 2. Signature vectors of proteins with signature similarities: (A) above 0.90; and (B) below 0.40. The 73 orbits are presented on the
abscissa and the numbers of times that nodes touch a particular orbit are presented on the ordinate in log scale. In the interest of the
aesthetics of the plot, we added 1 to all orbit frequencies to avoid the log-function to go to infinity in the case of orbit frequencies of 0.
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Results and Discussion

Results

We apply our method to six S. cerevisiae PPI
networks and three human PPI networks. The
S. cerevisiae PPI networks are henceforth denoted
by “vonMering-core” (von Mering et al. 2002),
“vonMering” (von Mering et al. 2002), “Krogan”
(Krogan et al. 2006), “DIP-core” (Deane et al.
2002), “DIP” (Xenarios et al. 2002), and “MIPS”
(Mewes et al. 2002). “vonMering-core” contains
only high-confidence interactions described by von
Mering et al. (von Mering et al. 2002); it contains
2,455 interactions amongst 988 proteins obtained
mainly by tandem affinity purification (TAP)
(Rigaut et al. 1999; Gavin et al. 2002) and High-
Throughput Mass Spectromic Protein Complex
Identification (HMS-PCI) (Ho et al. 2002). “von-
Mering” is the PPI network containing the top
11,000 high-, medium-, and low-confidence inter-
actions amongst 2,401 proteins described by von
Mering et al. (von Mering et al. 2002); the domi-
nant techniques used to identify PPIs in this net-
work are TAP, HMS-PCI, gene neighborhood, and
yeast-two-hybrid (Y2H). “Krogan” is the “core”
PPI data set containing 7,123 interactions amongst
2,708 proteins obtained by TAP experiments as
described by Krogan et al. (Krogan et al. 2006).
“DIP-core” is the more reliable subset of the yeast
PPI network from DIP (Xenarios et al. 2002) as
described by Deane et al. (Deane et al. 2002); it
contains 5,174 interactions amongst 2,210 proteins.
“DIP” and “MIPS” are the yeast PPI networks
downloaded in November 2007 from DIP (Xenarios
et al. 2002) and MIPS (Mewes et al. 2002) data-
bases, respectively; they contain 17,201 and 12,525
interactions amongst 4,932 and 4,786 proteins,
respectively. The three human PPI networks that
we analyze are henceforth denoted by “BIO-
GRID” (Stark et al. 2006), “HPRD” (Peri et al.
2004), and “Rual” (Rual et al. 2005). “BIOGRID”
and “HPRD” are the human PPI networks down-
loaded in November 2007 from “BIOGRID” (Stark
et al. 2006) and “HPRD” (Peri et al. 2004) data-
bases, respectively; they contain 23,555 and 34,119
interactions amongst 7,941 and 9,182 proteins,
respectively. “Rual” is the human PPI network
containing 3,463 interactions amongst 1,873 pro-
teins, as described by Rual et al. (Rual et al. 2005).
We removed all self-loops and multiple edges from
each of the PPI networks that we analyzed.

The entire PPI network is taken into account
when computing signature similarities between
pairs of nodes (i.e. proteins) and forming clusters
(see Methods). However, here we only report the
results of analyzing proteins involved in more than
four interactions. We discard poorly connected
proteins from our clusters because they are more
likely to be involved in noisy interactions. Similar
was done by Brun et al. (Brun et al. 2004). Also,
we discard very small clusters containing less than
three proteins. For the remaining clusters, we
search for common protein properties: in yeast PP1
networks, we look for the common protein com-
plexes, functional groups, and subcellular localiza-
tions (described in MIPS (Mewes et al. 2002)) of
proteins belonging to the same cluster; in human
PPI networks, we look for the common biological
processes, cellular components, and tissue expres-
sions (described in HPRD (Peri et al. 2004)) of
proteins in the same cluster.

Classification schemes and the data for the three
protein properties that we analyzed in yeast PPI
networks were downloaded from MIPS database
(Mewes et al. 2002) in November 2007. For each
of these three classification schemes (correspond-
ing to protein complexes, biological functions, and
subcellular localizations), we define two levels of
strictness: the strict scheme uses the most specific
MIPS annotations, and the flexible one uses the
least specific ones. For example, for a protein
complex “category” annotated by 5/0.790.900 in
MIPS, the strict scheme returns 570.190.900, and
the flexible one returns 570. Classification schemes
and the data for the three protein properties that
we analyzed in human PPI networks (correspond-
ing to biological processes, cellular components,
and tissue expressions) were downloaded from
HPRD database (Peri et al. 2004) in November
2007. In order to test if our method clusters together
proteins having the same protein properties, we
refine our clusters by removing the nodes that are
not contained in any of the yeast MIPS protein
complex, biological function, or subcellular local-
ization categories, or in any of the human HPRD
biological process, cellular component, or tissue
expression categories, respectively.

In our clusters, we measure the size of the larg-
est common category for a given protein property
as the percentage of the cluster size; we refer to it
as the hit-rate. That is, we compute the hit-rate of
a cluster C as Hit(C) = max %, where N, is the
number of nodes in C having a given protein prop-
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erty p, and N is the total number of nodes in C.
Clearly, a yeast protein can belong to more than
one protein complex, be involved in more than one
biological function, or belong to more than one
subcellular compartment (and similar holds for
human proteins). Thus, it is possible to have an
overlap between categories, as well as more than
one largest category in a cluster for a given protein
property. We illustrate this for biological functions
in the cluster presented in Figure 3, consisting of
yeast proteins RPO26, SMD1, and SMBI1. Accord-
ing to the strict scheme, protein SMDI is in the
common biological function category with protein
RPO26 (16.03), as well as with protein SMB1
(11.04.03.01). Thus, there are two largest common
biological function categories. The size of the larg-
est common biological function category in the
cluster is two and the hit-rate is 2/3 = 67%. For the
flexible scheme, all three proteins are in one
common biological function category (11) and thus,
the size of the largest common biological function
category is three and the hit-rate is 3/3 = 100%.
We also define the miss-rate as the percentage of
the nodes in a cluster that are not in any common
category with other nodes in the cluster, for a given
protein property. That is, we compute the miss-rate
ofa cluster C as Miss(C) = %, where U, is the num-
ber of nodes in C not sharing any of their protein
properties p with any other node in C, and N is the
total number of nodes in C. For example, in Figure 3,
according to the strict scheme, proteins RPO26 and
SMBI1 are in a common biological function category
with SMD1, but they themselves are not in any com-
mon biological function category. Although not all
three proteins are in the same biological function
category and the hit-rate is only 67%, the miss-rate
is 0/3 = 0%, since every node is in at least one com-
mon biological function category with another node
in the cluster. Clearly, the miss-rate for the flexible
scheme is also 0/3 = 0%, since the three proteins are
in the same biological function category (11) with

11.02.01 11.04.03.01 11.04.03.01
11.02.02 14.10

11.02.03.01 16.03

16.03

Figure 3. An example of a three-node cluster, consisting of proteins
RPO26, SMD1, and SMB1. The categories of biological functions
that the proteins belong to are presented bellow the protein
names.

respect to this scheme. Thus, if a protein belongs to
several different categories for a given protein prop-
erty (which is expected), the hit-rate in the cluster
might be lower than 100% (as illustrated in Fig. 3).
Therefore, miss-rates are additional indicators of the
accuracy of our approach.

For each of the six yeast PPI networks, the three
yeast protein properties, and the two schemes, we
measure the number of clusters (out of the total
number of clusters in a network) having given hit-
and miss-rates. We bin the hit- and miss-rates in
increments of 10%. The results for the flexible
scheme are presented in Figure 4. For subcellular
localizations, in vonMering-core network, 86% of
the clusters have hit-rate above 90%; for the
remaining five networks, 65% of clusters have
hit-rates above 60% (Fig. 4A). For all networks,
miss-rates for 72% of clusters are bellow 10%
(Fig. 4B). Similarly, for biological functions, the
miss-rates in all six networks are under 10% for
81% of the clusters (Fig. 4D). The hit-rates for
biological functions are above 60% for 79% of the
clusters in both von Mering networks; in the
remaining four networks, 57% of the clusters have
hit-rates above 50% (Fig. 4C). Finally, for protein
complexes, 47% clusters in vonMering-core, von-
Mering, and DIP-core networks have hit-rates
above 60%, 36% of clusters in Krogan and MIPS
networks have hit-rates above 50%, and 30% of
clusters in DIP network have hit-rates above 40%
(Fig. 4E). Miss-rates for protein complexes are
bellow 10% for 39% of the clusters in both von
Mering networks and in DIP-core network; in the
remaining three networks, 33% of the clusters have
miss-rates bellow 39% (Fig. 4F).

Similarly, for each of the three human PPI net-
works and their three protein properties that we
analyzed, we measure the number of clusters (out
of the total number of clusters in a network) having
given hit- and miss-rates. The results are presented
in Figure 5. For cellular components, in all three
human PPI networks, 86% of the clusters have
hit-rates above 50% (Fig. 5SA). Miss-rates for 68%
of clusters in BIOGRID and HPRD networks are
bellow 10%, while in Rual network 76% of clusters
have miss-rates bellow 29% (Fig. 5B). Similarly,
for tissue expressions, hit-rates are above 50% for
74% of clusters in BIOGRID and HPRD networks,
and for 98% of clusters in Rual network, respec-
tively (Fig. 5C). Miss-rates are lower than 10% for
61% of clusters in BIOGRID and HPRD networks,
and for 48% of clusters in Rual network, respectively
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Figure 4. The results of applying our method to the six yeast PPI networks (vonMering-core, vonMering, Krogan, DIP-core, DIP, and MIPS)
and the three protein properties (subcellular localizations, biological functions, and protein complexes) in accordance with the flexible scheme:
(A) hit-rates for subcellular localizations; (B) miss-rates for subcellular localizations; (C) hit-rates for biological functions; (D) miss-rates for
biological functions; (E) hit-rates for protein complexes; (F) miss-rates for protein complexes.

(Fig. 5D). Finally, for biological processes, hit-rates
are above 50% for 55% of clusters in BIOGRID
network, for 45% of clusters in HPRD network,
and for 33% of clusters in Rual network, respectively.
(Fig. 5E). Miss-rates are bellow 29% for 58% of
the clusters in BIOGRID network and for 71% of
the clusters in HPRD network; in Rual network,
44% of the clusters have miss-rates bellow 39%
(Fig. 5F).

To evaluate the effect of noise in PPI networks
to the accuracy of our method, we compare the
results for the high-confidence vonMering-core
network and the lower-confidence vonMering
network (Fig. 4). As expected, clusters in the more
noisy network have lower hit-rates compared to
the high-confidence network. However, low miss-
rates are still preserved in clusters of both networks
for all three protein properties, indicating the
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Figure 5. The results of applying our method to the three human PPI networks (BIOGRID, HPRD, and Rual) and the three protein properties
(cellular components, tissue expressions, and biological processes): (A) hit-rates for cellular components; (B) miss-rates for cellular com-
ponents; (C) hit-rates for tissue expressions; (D) miss-rates for tissue expressions; (E) hit-rates for biological processes; (F) miss-rates for

biological processes.

robustness of our method to noise present in PPI
networks.

Thus far, we demonstrated that our method
identifies groups of nodes in PPI networks having
common protein properties. Our technique can also
be applied to predict protein properties of yet
unclassified proteins by forming a cluster of pro-
teins that are similar to the unclassified protein of
interest and assigning it the most common
properties of the classified proteins in the cluster.

We do this for all 115 functionally unclassified
yeast proteins from MIPS that have degrees higher
than four in any of the six yeast PPI networks that
we analyzed. In Tables 1 and 2, we present the
predicted functions for proteins with prediction
hit-rates of 50% or higher according to the strict
and the flexible scheme, respectively. The full data
set with functional prediction hit-rates lower than
50% is available upon request. Note that a yeast
protein can belong to more than one yeast PPI
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network that we analyzed. Thus, biological
functions that such proteins perform can be
predicted from clusters derived from different
yeast PPI networks. We observed an overlap of
the predicted protein functions obtained from
multiple PPI networks for the same organism,
additionally verifying the correctness of our
method. Furthermore, there exists overlap between
our protein function predictions and those of others
(Vazquez et al. 2003).

Finally, we survey the literature and verify that
our method successfully predicts biological func-
tions of the following nine proteins from Tables 1
and 2. Our method predicts that protein PWP1 is
involved in rRNA processing; this is confirmed by
SGD (Cherry et al. 1998) and (Zhang et al. 2004).
We also predict that protein IES2 is involved in
transcriptional control; this function is verified by
(Xu et al. 2007; Svaren et al. 1994; Karnitz et al.
1990). Human OLAT1 has been shown to define an
ATPase subfamily in the Obg family of GTP-
binding proteins (Koller-Eichhorn et al. 2007)
indicating that yeast OLA 1 might also be involved
in protein binding, as predicted by our method. Our
method predicts two functions for protein STO1:
protein fate (folding), the confirmation of which is
indicated by (Grishchuk and McIntosh, 1999), and
binding function, the confirmation of which is
indicated in SGD (Cherry et al. 1998). Our method
correctly predicts that YFRO16¢ is involved in
biogenesis of cellular components, since protein
encoded by YFRO16c¢ interacts with Spa2p that is
involved in cytokinesis and cell wall morphogen-
esis (Shih et al. 2005). It also predicts that YPT35
is involved in cellular transport, transport facilities
and transport routes; SGD confirms that YPT35
binds to proteins involved in ER-Golgi or vesicu-
lar transport. For protein ILM1, our method pre-
dicts DNA repair function; SGD suggests that
ILM1 may be involved in mitochondrial DNA
maintenance and required for slowed DNA
synthesis—induced filamentous growth. We pre-
dict that protein YETI is involved in cellular
transport; this function is also indicated in SGD
where YETI is described as an endoplasmic
reticulum transmembrane protein and a homolog
of human BAP31 protein that is involved in
vesicular transport pathways (Wakana et al. 2008).
Finally, our method predicts that protein PRM1 is
involved in biogenesis of cellular components and
SGD suggests that it is involved in membrane
fusion during mating.

Discussion

To our knowledge, this is the first study that relates
the PPI network structure to all of the following:
protein complexes, biological functions, and subcel-
lular localizations for yeast, and cellular compo-
nents, tissue expressions, and biological processes
for human. Starting with the topology of PPI net-
works of different organisms that are of different
sizes and are originating from a wide spectrum of
small-scale and high-throughput PPI detection
techniques, our method identifies clusters of nodes
sharing common protein properties. Our method
accurately uncovers groups of nodes belonging to
the same protein complexes in the vonMering-core
network: 44% of clusters have 100% hit-rate accord-
ing to the flexible scheme. This additionally vali-
dates our method, since PPIs in this network are
obtained mainly by TAP (Rigaut et al. 1999; Gavin
et al. 2002) and HMS-PCI (Ho et al. 2002), which
are known to favor protein complexes.

Our node similarity measure is highly constrain-
ing, since we take into account not only a node’s
degree, but also additional 72 “graphlet degrees” (see
Methods). Since the number of graphlets on n nodes
increases exponentially with n, we use 2—5-node
graphlets (see Fig. 1). However, our method is easily
extendible to include larger graphlets, but this
would increase the computational complexity; the
complexity is currently O(|V]°) for a graph G(V, E),
since we search for graphlets with up to 5 nodes.
Nonetheless, since our algorithm is “embarrassingly
parallel” (i.e. can easily be distributed over a cluster
of machines), extending it to larger graphlets is fea-
sible. In addition to the design of the signature
similarity measure as a number in (0, 1], this makes
our technique usable for larger networks.

Future directions

Our method can also be applied to disease genes. We
consider the set of genes implicated in genetic dis-
eases available from HPRD (Peri et al. 2004). To
increase coverage of PPIs, the human PPI network
that we analyze is the union of the human PPI net-
works from HPRD, BIOGRID, and Rual, which
consists of 41,755 unique interactions amongst
10,488 different proteins. There are 1,491 disease
genes in this PPI network out of which 71 are cancer
genes. If graph topology is related to function, then
we might expect that genes connected to cancer
might have similar graphlet degree signatures. To
test this hypothesis, we looked for all proteins with
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a signature similarity of 0.95 or better when com-
pared to protein TP53. The resulting cluster contains
10 proteins, eight of which are disease genes; six of
these eight disease genes are cancer genes (TP53,
EP300, SRC,BRCA1, EGFR, and AR). The remain-
ing two proteins in the cluster are SMAD2 and
SMAD3 which are members of TGF-beta signaling
pathway whose deregulation contributes to the
pathogenesis of many diseases including cancer
(Gambichler et al. 2007). The striking signature
similarity of this 10-node cluster is depicted in
Figure 6. To further increase our confidence that local
graph topology is related to function, we verified that
decreasing the similarity threshold increases the
number of nodes in the cluster but decreases the
proportion of those nodes that are disease-related.
For example, at similarity 0.90, the cluster consists
of 39 genes but more than half (21) are non-disease
related. Of the 18 disease-related genes, only 8 are
cancer genes. In other words, decreasing the thresh-
old from 0.95 to 0.90 barely increases the number
of cancer genes but quadruples the total number of
matching genes, thus decreasing the specificity by
about a factor of 3. A more complete analysis of how
topological clustering relates to diseases will be
published in a forthcoming paper.

Conclusions

We present a new graph theoretic method for detect-
ing the relationship between local topology and
function in real-world networks. We apply it to
proteome-scale PPI networks and demonstrate the
link between the topology of a protein’s neighborhood
in the network and its membership in protein

Signatures of proteins bellonging to the TP53 cluster
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Figure 6. Signature vectors of proteins belonging to the TP53 cluster.

The cluster is formed using the threshold of 0.95. The axes have the
same meaning as in Figure 2.

complexes, functional groups, and subcellular
compartments for yeast, and in cellular components,
tissue expressions, and biological processes for
human. Additionally, we demonstrate that our method
can be used to predict biological function of
uncharacterized proteins and possibly to identify
candidate cancer genes. Thus, this study provides
evidence that the graphlet representation of a PPI
network has important implications for protein
function prediction and gene disease association.
Moreover, the method can be applied to different
types of biological and other real-world networks,
give insight into complex biological mechanisms
and provide guidelines for future experimental
research.

Funding
This project was supported by the NSF CAREER
I1S-0644424 grant.

Acknowledgement
We thank Wayne Hayes for useful discussions and
suggestions. We thank the Institute for Genomics
and Bioinformatics (IGB) at UC Irvine for provid-
ing computing resources.

References

Brun, C., Herrmann, C. and Guenoche, A. 2004. Clustering proteins from
interaction networks for the prediction of cellular functions. BMC
Bioinformatics, 5.

Cherry, J. et al. 1998. SGD: Saccharomyces Genome Database. Nucleic
Acids Research, 26:73-9.

Chua, H., Sung, W. and Wong, L. 2006. Exploiting indirect neighbours and
topological weight to predict protein function from protein-protein
interactions. Bioinformatics, 22:1623-30.

Deane, C., Salwinski, L., Xenarios, 1. and Eisenberg, D. 2002. Protein
interactions: two methods for assessment of the reliability of high
throughput observations. Molecular and Cellular Proteomics,
1:349-56.

Deng, M., Tu, Z., Sun, F. and Chen, T. 2004. Mapping gene ontology to
proteins based on protein-protein interaction data. Bioinformatics,
20:895-902.

Deng, M., Zhang, K., Mehta, S., Chen, T. and Sun, F. 2003. Prediction of
protein function using protein-protein interaction data. Journal of
Computational Biology, 10:947-60.

Gambichler, T., Skrygan, M., Kaczmarczyk, J. M, Hyun, J., Tomi, N.S.,
Sommer, A., Bechara, F.G., Boms, S., Brockmeyer, N.H., Alt-
meyer, P. and Kreuter, A. 2007. Increased expression of TGF-
beta/Smad proteins in basal cell carcinoma. Eur. J. Med. Res.,
12(10):509-14.

Gavin, A.C. et al. 2002. Functional organization of the yeast proteome by
systematic analysis of protein complexes. Nature, 415(6868):141-7.

Grishchuk, E.L. and McIntosh, J.R. 1999. Stolp, a fission yeast protein
similar to tubulin folding cofactor E, plays an essential role in mitotic
microtubule assembly. J. Cell. Sci., 112(Pt 12):1979-88.

Hartuv, E. and Shamir, R. 2000. A clustering algorithm based on graph
connectivity. Information Processing Letters, 76(4—6):175-81.

266

Cancer Informatics 2008:6



Graphlet degree signatures and biological function

Hishigaki, H., Nakai, K., Ono, T., Tanigami, A. and Takagi, T. 2001. Assess-
ment of prediction accuracy of protein function from protein-protein
interaction data. Yeast, 18:523-31.

Ho, Y. et al. 2002. Systematic identification of protein complexes in Saccha-
romyces cerevisiae by mass spectrometry. Nature, 415(6868):180-3.

Jonsson, P. F and Bates, P.A. 2006. Global topological features of
cancer proteins in the human interactome. Bioinformatics,
22(18):2291-7.

Karnitz, L., Poon, D., Weil, P.A. and Chalkley, R. 1990. Identification and
puri-fication of a yeast transcriptional trans-activator. The yeast
homolog of the Rous sarcoma virus internal enhancer binding factor.
J. Biol. Chem., 265(11):6131-8.

King, A.D., Przulj, N. and Jurisica, 1. 2004. Protein complex prediction via
cost-based clustering. Bioinformatics, 20(17):3013-20.

Koller-Eichhorn, R., Marquardt, T., Gail, R., Wittinghofer, A., Kostrewa,
D., Kutay, U. and Kambach, C. 2007. Human OLA1 defines an
ATPase subfamily in the Obg family of GTP-binding proteins.
J. Biol. Chem., 282(27):19928-37.

Krogan, N. et al. 2006. Global landscape of protein complexes in the yeast
Saccharomyces cerevisiae. Nature, 440:637—43.

Letovsky, S. and Kasif, S. 2003. Predicting protein function from protein/
protein interaction data: a probabilistic approach. Bioinformatics, 19:
1197-i204.

Mewes, H. etal. 2002. MIPS: a database for genomes and protein sequences.
Nucleic Acids Research, 30:31-34.

Milo, R., Shen-Orr, S., Itzkovitz, S., Kashtan, N., Chklovskii, D. and Alon,
U. 2002. Network motifs: simple building blocks of complex net-
works. Science, 298:824-7.

Nabieva, E., Jim, K., Agarwal, A., Chazelle, B. and Singh, M. 2005. Whole-
proteome prediction of protein function via graph-theoretic analysis
of interaction maps. Bioinformatics, 21:1302-i310.

Pena-Castillo, L. and Hughes, T. 2007. Why are there still over 1000
uncharacterized yeast genes? Genetics, 176:7-14.

Peri, S. etal. 2004. Human protein reference database as a discovery resource
for proteomics. Nucleic Acids Res. 32 Database issue D497-501,
1362-4962.

Przulj, N. 2006. Biological network comparison using graphlet degree
distribution. Bioinformatics, 23:e177-e183.

Przulj, N., Corneil, D.G. and Jurisica, I. 2004. Modeling interactome: Scale-
free or geometric? Bioinformatics, 20(18):3508-15.

Przulj, N., Wigle, D. and Jurisica, I. 2004. Functional topology in a network
of protein interactions. Bioinformatics, 20(3):340-8.

Radivojac, P., Peng, K., Clark, W.T., Peters, B.J., Mohan, A., Boyle, S.M.
and Mooney, S.D. 2008. An integrated approach to inferring gene-
disease associations in humans. Proteins, in press.

Rigaut, G., Shevchenko, A., Rutz, B., Wilm, M., Mann, M. and Seraphin, B.
1999. A generic protein purification method for protein complex char-
acterization and proteome exploration. Nature Biotechnol., 17:1030-2.

Rual, J.F. et al. 2005. Towards a proteome-scale map of the human protein-
protein interaction network. Nature, 437:1173-78.

Samanta, M. and Liang, S. 2003. Predicting protein functions from redun-
dancies in large-scale protein interaction networks. PNAS,
100:12579-83.

Schwikowski, B. and Fields, S. 2000. A network of protein-protein interac-
tions in yeast. Nature Biotechnology, 18:1257-61.

Shih, J.L., Reck-Peterson, S.L., Newitt, R., Mooseker, M.S., Aebersold, R.
and Herskowitz, 1. 2005. Cell. polarity protein Spa2P associates with
proteins involved in actin function in Saccharomyces cerevisiae.
Mol. Biol. Cell., 16(10):4595-608.

Stark, C., Breitkreutz, B., Reguly, T., Boucher, L., Breitkreutz, A. and Tyers,
M. 2006. BioGRID: A general repository for interaction datasets.
Nucleic Acids Research, 34:D535-D539.

Sun, S. etal. 2006. Faster and more accurate global protein function assign-
ment from protein interaction networks using the MFGO algorithm.
FEBS Letters, 580:1891-1896.

Svaren, J., Wineinger, B.D. and Chalkley, R. 1994. Extent of in vivo binding
by an upstream activation factor and the role of multiple binding
sites in synergistic transcriptional activation. J. Biol. Chem.,
269(32):20771-9.

Vazquez, A., Flammini, A., Maritan, A. and Vespignani, A. 2003. Global
protein function prediction from protein-protein interaction networks.
Nature Biotechnology, 21:697-700.

von Mering, C., Krause, R., Snel, B., Cornell, M., Oliver, S.G., Fields, A.
and Bork, B. 2002. Comparative assessment of large-scale data sets
of protein-protein interactions. Nature, 417(6887):399-403.

Wakana, Y., Takai, S., Nakajima, K.I., Tani, K., Yamamoto, A., Watson, P.,
Ste-phens, D.J., Hauri, H.P. and Tagaya, M. 2008. Bap31 Is an
Itinerant Protein that Moves between the Peripheral ER and a
Juxtanuclear Compartment Related to ER-associated Degradation in
press. Mol. Biol. Cell.,

Xenarios, 1., Salwinski, L., Duan, J., Higney, P., Kim, S. and Eisenberg, D.
2002. DIP, the database of interacting proteins: a research tool for
studying cellular networks of protein interactions. Nucleic Acids
Research, 30:303-5.

Xu, J., Wang, W., Chai, B.F. and Liang, A.H. 2007. Cloning and character-
ization of a novel trinucleotide repeat-containing gene GARP from
Euplotes octocarinatus. Yi Chuan, 29(1):87-91.

Zhang, W. et al. 2004. The functional landscape of mouse gene expression.
J. Biol., 3(5):21.

Cancer Informatics 2008:6

267



Milenkovi¢ and Przulj

%0005  %00°0S 4 |o)uoo [euonduosuel | L g SdIN L (MSLZINA) ZSs3l
¢ Buipuiq uisjoid
e uoljeuiquiooal J1j019 |\
%99l  %00°0G € Jiedss yNQ 14 8 SdIN L (D8LLELA) LN
%000y %0009 € Jodsuey} JesjonN 14 i SdIN g (MSOLYHA) SELdA
uodsuen
%0002 %0009 € |lewososA|/Jejonoep 4 i SdIN g MP80YIA
%00°0 %0009 € llem (180 L 9 SdIN €2 (MP6049A) LAGd
%000y %0009 € Buisseoold YNy 14 i uebouy 6l MSSTHTA
%EE'EE  %00°0S € Buisseooid YNy € 6 uebouy 6l MZZOTVA
uone|suel; pue Buiuos
%0005  %00°0S 4 ‘Bunebuey uiejoid L 6 8100-dI{ 9 (DG624DA) 9S00
wsijogelaw pioualdosi
%000 %00°00L Z pue pioe Ayey ‘pidi L € Buus\uoA Gl DE60HOA
sose)ayluAs
%000 %00°00L 4 -VYN¥-Aoeouiwy L € Buus|\uoA 9 DZZLINA
%000 %EE'E8 G suisjold [ewosoqry L i Buus|puoA LG D0LEHNA
%000 %00°001 4 suisjold [ewosoqry L € Buns\uoA 9 OV L08NA
%00°0¢  %00°09 € Buipuig 41V L 9 Buusyuon A7 (ZMSZLYINA) LOLS
%P9'€L %6065 €l Buisseooid YNy L €z Buus|puoA ze (M96LYTA) LdMd
uoljouny
Kolew ayy 19)snjo
yym 1ajsn|o ul suiajoud lajsn|o
ul suiajoud uonouny (pajoip payisse|oun ul suiajoud
ojes-sSI|\|  djel-}IH Jo JaquinN -aid pue) Ayuoley Jo JaquinN jolaqunN  jiomiau |[dd  9a4baqg }salajul Jo uisjoid

*19]SN|0 8Y] Ul pou parejouue Jaylo Aue ylim uonouny
UOWIWOD B 9ABY JOU Op 1By} J8)sn|o 8y} Ul Sepou pajejouue Jo abejuaolad ay) suiejuod ajel-ssij, Aq pajousp uwnjoo ayj ‘Ajjeuld ‘1saayul jo uiajoid e 1oy
payuodal si aiel-uy wnwixew ay} Ajuo ‘uonouny Ajiolew sy} yym Jasnio ay} ul suisjold Jo Jaquinu [e)o) 8y} Jo abejusalad ay) suiejuod siel-liH, Aq pajousp
uwinjod ay] "uonouny Ajuolew ayj yym Jasnid a8y} Ul SBPOU JO Jaquinu 8y} suiejuod uoiouny Auolew ayy yum Jaysnio ul suigjoud Jo JaquinN, Ag pajousp
uwinjoo ay] ‘1saJaul jo uisyold sy} Joy suonouny pajoipald os|e ale jey) Jejsnio ayy ul suidjold 9,06 1se9) je jsbuowe suonoun) UOWWOD 8Y) SUIBIUOD ,UOI}
-ouny (pajolpald pue) Aluolel, Ag pelousp uwnjoo 8y ‘1saJajul jo uisjoid ayl Buipnioul 4s1snio usAlb e ul suieold paljissejoun Ajjeuonauny Jo Jaquinu ay)
suleluoo J81sn[o Ul suiejold palisseoun Jo laquinN, Ag pajousp uwnjod 8y '1seialul jo uiejoid ay) Buipnjoul ‘4esnio a8y ul suisjold Jo Jequinu |e1o) ay)
sulejuo9 J8)sn|o ul suisjold Jo Jaquunp, AQ pajousp Uwn|od 8y ‘paAllep sem uonouny uisjold ay) Yolym Wod) YIomiau |dd @Y} suiejuod MIlomieN |dd, Ad
pajousp uwnjod 8y "YIo0M}au |dd Buipuodsaliod ayj ul uisjoid usalb e jo aalbap ay) suleluod saibaq, Aq pajousp uwnjod ay| "pajolpald si uonouny ay}
UoIyMm 1o} }salajul Jo uigjold e sulejuoo salajul Jo uIs)old, AQ pajouap uwnjod ay | ‘SHIOMIaU |dd ISeaA XIS ay} Jo Aue ul noy uey} Jaybiy sealbap aney jey}
pue SdiA Ul paiejouueun aJe jey) suiajold 1seah 1o) awayos JoLis ay) 0} Buipioooe Jaybiy 10 9%,0G JO sajel-}iy uonoipald yim suonouny pajoipald ‘| ajqeL

Cancer Informatics 2008:6

268



Graphlet degree signatures and biological function

%000

%00°05
%00°0S
%6C 11

%000

%0000}

%00°08
%00°0S
A WAS

%0000}

N

Buipuiq uiejoid
(unewouyd
‘6°9) uoneoyipow
uollewlIou02 WYNQ
salylj1oe} Lodsued)
Buipuiq uisjold
uoneoo|sue.)
pue Buios
‘bunabie) uisjold

Te]

did

did
did
did

did

MOZCZHOA

D91044A
(MZ90T14A) ¥S0OD
(DGZ0YgA) LY10

O8L07VA

269

Cancer Informatics 2008:6



Milenkovi¢ and Przulj

%000 %0008 14 uonduosues | 4 . uebouy 6l MSSPHTA
(M28199A)
%00°0 %00°001 Z uonduosuel| 3 € uebouy 9 11do
(onAjeyen Jo
[eanionas) Juswalinbal
1010BJ02 IO UolouUN}
14 Buipuig ypm urejold
%00°0 %1999 14 uonduosuel| € 6 uebouy 61l MLZOTVA
(uoneunsep ‘uoneosyipow
S ‘Buip|oy) 8jey uisloId
sa1noJ podsuel pue
ww_un_&__om,_ Hodsuely (0S624DA)
%052l %00°'G. 9 ‘{odsued} Jen|ie0 I 6 8100-dIQ 9 9S02
%00°0 %00°001 Z wsijogels |\ 3 € Bunspyuon Gl 0€6040A
%00°0 %00°001 Z sisayjuAs uiejold 3 € Bunspyuon 9 OCCLTINA
%000 %€EE'EY S sIsayjuAs uiejold 3 yA Bunspyuon ] O0LEHINA
%00°0 %00°001 Z sisayjuAs uisjold 3 € Bunspyuon 9 OV L0dINA
99U NIIA (0G2049A)
%00°0 %00°001 I4 pue asuajap ‘andsal |80 3 € Bunspyuon ol V10
e uonduosuel|
(uoneunsep ‘uoneosyipow
14 ‘Buip|oy) 8jey uislold
(onAjeleo Jo
[eanonJ)s) Juswadinbal
10}0BJ09 10 uonduUNy (ZMSZLHINA)
%0070 %00°001} S Buipuig yum uiejold 3 9 Bunspyuon A4 lOL1S
(M961LHTA)
%000 %LT LL Ll uonduosuel| 3 € Bunspyuon Zc ldMd
uonouny
Auolew ay) 19)sn|o
U3Im 133sn|od ul suiayoud 13)sn|o
ui suiajoud uopouny payissejoun uj suiadjouad 1saJajul
o)el-SSI|\|  9led-)IH JO JaquinN (p9yoipaid pue) Ayiolep joJaquinN  jo JaquinN }4omiaN |dd oalba(g JO uiajoid

"| ©|qeL ul se Buluesw awes 8y} 9ABY SUWN|0D 8y "SHIOMIBU |dd 1SeaA XIS ay) Jo Aue ul noj uey) Jaybly sesibep aAey jey) pue
SdIIN Ul palelouueun ale 1ey) sulejold 1seaA 1ol awayos a|qixa|l 8yl 01 Bulploooe o,0g uey) Jeybiy sejel-11y uoioipald Yyim suonouny pajoipald ‘g ajger

Cancer Informatics 2008:6

270



Graphlet degree signatures and biological function

(panunuog)

%000

%6Z V1
%EEEE

%000
%606

%000

%00°0¢

%000

%000

%00°G.

%V LS
%2999

%2999
%SG VS

%0009

%0008

%£49°99

%0009

Buissaosoud
VYNQ pue 8j94d |80
so)noJ Jodsued)
pue saljioe; Jodsued)
‘Wodsuel Jeinj@n
(uoneunsap ‘uoneosyipow
‘Buip|oy) syey uiBloId
wisijogelan
Buissaoo.d
VYNQ pue 8joAd |90
uonduosuel|
so)noJ Jodsued)
pue saijioe; Lodsued)
‘Wodsuel Jeinj@n
(uoneunsap ‘uoneosyipow
‘Buip|oy) sye} uiBloId
(uoneunsap ‘uoneoyipow
‘Buip|oy) 8ye} uiB)0Id
sajnol Jodsuel)
pue saljljioe} yodsuel)
‘wodsuely Jejnji@)
(onAjereo
10 |einjonas) Juswalinbal
1010BJ02 IO UolouUN}
Buipuig yim uisjold
(uoneunsap ‘uoneoyipow
‘Buip|oy) eye} uBl0Id
sjusuodwod
Je|n||e9o jo sisauaboig
sajno. Jodsuel)
pue saijioe} Jodsued)
‘Jodsuely Jejnjen
Buissaoo.d
VNQ pue 8joAd |0
(onAeyes
J0 |eJnjonais) juswalinbal
J0)0BJ09 IO UOOUN}
Buipuig yum urejold

€l

SdIN

SdIN
SdIN

SdIN
SdIN

SdIN

SdIN

SdIN

SdIN

L
9l

€¢

(MSLZINA) ZSs3l

(DLLOTNA)
ceavy

MLO0THA

(O8LLYEPA) LN
(0Z80¥rA) 94v3

(MSOLYHA)

GELdA

MP80d3A

(D8204AA)
ZNHS

(MP6049A)
LASd

271

Cancer Informatics 2008:6



Milenkovi¢ and Przulj

sa}noJ podsuel;
pue saljijioe} yodsuel)

%000 %EE €S 9l ‘Hodsuel) Jejn||e0 4 Ve did 1S (DS90TMA) LLIA
%¥LL %EV LL 0l wsijogels|iN 4 9l did 19 MOV LHHA
sjusuodwod
e Je[n||99 jo sisauabolg
so)noJ Jodsuel)
pue sap|ioe} Jodsuel (M29014A)
%00°'G¢ %00°'G. € ‘Wodsuel) Jenjjed I S did Zc ¥SOO
Buisseoo.d
%000 %1999 14 VYNQ pue 8240 |80 € 9 did S 0890713A
(uoneunsap ‘uonedlpow
%000 %00°001 4 ‘Buip|o}) aje} uisjoid 4 14 did 8 M680TAA
(onAeyes
10 |einjonys) Juswalinbau
10}0BJ0J JO uonduny (052049A)
%000 %1.'G8 9 Buipuiq yim uiejold Z 6 did 8 V10
so)noJ Jodsued)
pue sai|ioe; Jodsued)
%000 %00°001 14 ‘Wodsuely Jen|j@d I € did L M8Z0OHVA
JuswuolIAUS (ML20YVA)
%€EECE %1999 4 8y} yum uonoeisiu| Z S did 8¢ edin
sa]jnoJ Jodsuel)
pue salioe; Jodsued)
Z ‘wodsuely Jejn|@)
(uoneunsap ‘uoneosyipow
%000 %0000 4 ‘Buip|oy) a)e} ursjoid | € did 6 08107TVA
sa]nol uodsuel
pue saljljioe} yodsuel)
%000 %00°001 4 ‘Hodsue} Jejn||a0 4 1% SdIN 9 MP80ddA
(0L00HO0A)
%000 %9G°'GS S uonduosues] I ol SdIN S ¢19s
uonouny
Auolew ay) 19)sn|d
y}Im 133sn|o ul sujayoud 13)sn|o
ul suiajoud uonouny payissejoun uj suiajoud 1saJajul
ajel-sSI|\|  djel-)H JO JaquinN (po@yo1paid pue) Ayiolep jJoJaquinN  Jo JaquinN }JomiaN |dd aaibaqg JO uiajoid

‘(penunuo)) "z alqeL

Cancer Informatics 2008:6

272



Graphlet degree signatures and biological function

%000

%00°G¢

%EEEE
%000

%000

%000

%00°001

%00°'G.

%1999
%0000}

%1999

%1999

ol

sjusuodwod
Je|n||99o jo sisauaboig
JUBWUOIIAUD
3y} yiim uonoelsju|

sa)noJ Jodsuen
pue salljioe) Jodsuel
‘Wodsuedy Jenj@n
(onAjeleo
JO |elnjonys) Juswalinbal
10)0BJ09 IO uonouny
Buipuig yum uisjold
sjusuodwod
Je[n||99 jo sisauabolg
sjusuodwod
Jejnjjeo jo sisauaboig

wisijogels\
wisioqeIs

wisijogels |y
sejnoJ Jodsuel
pue sanijioe] Jodsuel)
‘Wodsuel; Jenjig)

Ll

did

did

did
did

did

did

6¢

44

MOZZHOA

OV9LdOA

(MBLZTINA)
LNYd

MZG60TNA

(DLLOTNA)
ceavy

O€CO0TIA

273

Cancer Informatics 2008:6




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


