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Abstract— Defining the neighborhood of an initial set of nodes
is an important task in network analysis. For example, we
show that the neighborhood of an initial set of brain cancer
related genes is highly enriched with other cancer genes as well.
It remains an active area of research to define a biologically
meaningful concept of neighborhood in gene or protein networks.
In gene networks, genes with high topological overlap have been
found to have an increased chance of being part of the same
biological pathway. Since our main interest lies in gene and
protein networks, we propose a generalization of the topological
overlap matrix to define the neighborhood of a set of genes.
A pair of nodes in a network is said to have high topological
overlap if they are both strongly connected to the same group of
nodes. We generalize the standard pairwise topological overlap
measure to multiple nodes. The resulting neighborhoods are
comprised of tightly interconnected nodes. We provide empirical
evidence that a neighborhood surrounding an initial set of 2
nodes can be far more informative than the neighborhood of a
single node. Using a cancer- and a yeast network applications,
we provide empirical evidence that the multiTOM approach
yields biologically meaningful results and compares favorably
to alternative approaches. Our approach is implemented in the
freely available multiTOM software package.

I. INTRODUCTION

Network methods are a valuable tool for realizing the goals

of systems biology: they may enhance the design of effective

drugs and our understanding of the mechanisms behind an

organism’s ability to react to its environment. For example,

networks are a natural framework for understanding protein-

protein interactions [1], [2], [3], [4], [5].

Finding sets of highly interconnected nodes is an im-

portant task in network analysis. For example, clusters of

interconnected nodes (modules) may correspond to important

biological pathways [6], [7], [8], [9]. But we will not discuss

different module detection methods in this paper. Instead, the

main focus of this paper is a more fundamental screening

task: how to define the neighborhood of an initial set of nodes

(genes) in a network. Intuitively speaking, a neighborhood is

comprised of nodes that are highly connected to a given set

of genes. Thus neighborhood analysis facilitates a guilt-by-

association screening strategy for finding genes that interact

with a given set of biologically interesting genes.

To define a neighborhood of a initial gene set, one can

make use of a similarity measure. For example, when deal-

ing with gene expression microarray data, it is natural to

use the correlation coefficient to measure pairwise gene co-

expression similarity [10], [11]. But here we consider the

setting of an undirected networks that can be represented

by a symmetric adjacency matrix A that encodes pairwise

connection strengths. Specifically, the adjacency (connection

strength) between nodes i and j is given by aij ∈ [0, 1].

In our applications, we will make use of weighted gene

co-expression network [12] where the adjacency is defined

as a power of the absolute value of the Pearson correlation

coefficient: aij = |cor(xi, xj)|
β . A simple (naive) approach

for defining a neighborhood of node i is to choose the nodes

with highest adjacencies aij with node i. In an unweighted

network, this amounts to choosing the directly connected

neighbors of node i. In weighted gene co-expression networks,

this naive approach amounts to choosing genes based on

the absolute values of their correlations with a given gene

expression profile xi.

Since spurious or weak connections in the adjacency matrix

may lead to ‘noisy’ neighborhoods, several groups have made

use of a pairwise topological overlap measure to measure node

similarity [9], [12]. The topological overlap of two nodes

reflects their similarity in terms of the commonality of the

nodes they connect to. Ravasz et al.(2002) used a pairwise

topological overlap measure as input of a clustering method

to define modules in metabolic networks. In their study of

a E. coli metabolic network, they show that two substrates

having a higher overlap are more likely to belong to the same

functional class than substrates having a lower topological

overlap. Roughly speaking, the topological overlap measure

serves as a filter that decreases the effect of spurious or

weak connections. The topological overlap matrix and our

proposed generalization to multiple nodes will be described

in the following.

II. METHODS

A. Multi-node Topological Overlap Measure

1) Multi-node Topological Overlap Measure for Un-

weighted Networks: We briefly review the pairwise topolog-

ical overlap measure for an undirected and unweighted net-

work. In this case, the network (adjacency matrix) A = [aij ]
contains binary entries. By convention, the diagonal elements

of A are assumed to be zero. In the method supplement of [9],



Fig. 1. Computing the MTOM measure for simple examples. 1) The MTOM
value for nodes A,B,C and D in the picture on the left side is 0+4

0+6
= 0.667;

2) The MTOM for nodes A,B,C and D in the picture on the right side is
1+4

1+6
= 0.714.

the topological overlap matrix T = [tij ] is defined as follows

tij =

{

lij+aij

min{ki,kj}+1−aij
=

lij+aij

min{ki−aij ,kj−aij}+1 if i 6= j

1 if i = j.

(1)

where, lij =
∑

u 6=i,j aiuauj , ki =
∑

u 6=i aiu.1 A straightfor-

ward proof that 0 ≤ tij ≤ 1 can be found in [12].

Our multi-node TOM is motivated by the observation that

formula (1) can be expressed as

tij =

{

|N(i,j)|+aij

min{|N(−j)(i)|,|N(−i)(j)|}+1
if i 6= j

1 if i = j.
(2)

where N(i) denotes the set of neighbors of i excluding i itself,

N(i, j) denotes the set of common neighbors excluding i and

j, N (−j)(i) denotes the set of neighbors of i excluding i and

j and | · | denotes the number of elements (cardinality) in

its argument. Thus |N(i, j)| equals the number of common

neighbors that nodes i and j share.

In light of formula (2), it is natural to define the MTOM of

three different nodes i,j,k as follows

tijk =
|(N(i,j,k)|+aij+aik+ajk

min{|N(−k)(i,j)|,|N(−j)(i,k)|,|N(−i)(j,k)|}+

(

3
2

) (3)

where N(i, j, k) denotes the set of common neighbors

shared by i, j, k excluding i, j, k themselves, N (−k)(i, j)
denotes the set of common neighbors shared by i, j excluding

k and

(

3
2

)

is the combinatorial number indicating that there

are maximally

(

3
2

)

pair-wise connections

It is easy to define topological overlap measure for four or

more nodes according to the same rule.

A simple example illustrating the MTOM computation is

presented in Figure 1.

1The definition given in the main article of [9] is slightly different (lij +
aij)/ min{ki, kj}. But according to the methods supplement and a personal
communication, the authors propose eq. (1).

2) MTOM for a Weighted Networks: To compute MTOM,

one can make use of the following formulas that express the

cardinalities of sets in terms of the adjacency matrix:

|(N(i, j, k))| =
∑

u 6=i,j,k

aiuajuaku (4)

|N (−k)(i, j)| =
∑

u 6=i,j

aiuaju − aikajk. (5)

Note that these formulas do not require that aij take on binary

values. Since the formulas remain mathematically meaningful

if aij ∈ [0, 1], they allow us to generalize MTOM to weighted

networks as well.

B. MTOM-based Neighborhoods

Given an initial seed neighborhood, we consider two basic

approaches for defining a neighborhood based on the concept

of multi-node topological overlap. The first and recommended

approach is to build the neighborhood recursively. The second

is a computationally faster, non-recursive approach.

The MTOM based neighborhood analysis requires as input

an initial seed neighborhood comprised of at least one node

and the requested size of the neighborhood S ≥ 1.

1) Recursive approach

a) For each node outside of the neighborhood set,

compute its MTOM value with the nodes of the

current version of the neighborhood set.

b) Add the node with the highest MTOM value to the

neighborhood set.

c) Repeat steps a) and b) until the neighborhood size

S is reached.

2) Non-recursive approach

a) For each node outside of the neighborhood set,

compute its MTOM value with the nodes the

current version of the neighborhood set.

b) Choose the S nodes with the highest MTOM

values as neighborhood.

Since the recursive approach leads to neighborhoods with

high MTOM values, we focus on it below.

C. Local Permutations to Choose a Neighborhood Size S

An important issue is how to choose the size S of a neigh-

borhood. In the applications below, we show that neighbor-

hood sizes of 20 lead to biologically meaningful results. But

more formally, we propose a permutation test for determining

S. The permutation test is based on comparing the MTOM

values of the observed network neighborhood to those of

permuted versions of the network. We find that global (whole

network) permutations can noise up the module structure of the

network and thus lead to very large neighborhoods comprised

of possibly thousands of nodes. This motivated us to define a

local permutation scheme, see Fig. 2. For a given node in the

initial neighborhood set, it permutes the adjacencies with all



Fig. 2. Illustrating a local permutation centered around node E. The left panel
shows a weighted network and the right panel shows a corresponding local
permutation. Note that only the adjacencies (connection strengths) involving
node E are permuted while the remaining adjacencies remain unpermuted.

Fig. 3. Comparing the MTOM values of the observed network with locally
permuted versions to determine the neighborhood size S. Local permutations
were applied to each node in the initial set. Next, the recursive approach
was used to define neighborhoods of different sizes (x-axis). This procedure
was repeated 100 replicate times and the 5%, 50% and 95% quantiles of the
MTOM values (y-axis) were determined as a function of the neighborhood
sizes (x-axis). Node that for small values of S ≤ 10 the MTOM values of
the observed network are larger than those of the permuted networks.

other nodes while keeping the remaining adjacencies intact.

Comparing the MTOM values of the observed network with

locally permuted versions allows one to determine the size of

the neighborhood as described in Figure 3.

III. APPLICATIONS

A. Neighborhood Analysis in a Yeast Protein-Protein Physical

Interaction Network

The proposed MTOM based neighborhood analysis can be

used for weighted and unweighted networks. Here we illustrate

its use for unweighted networks by studying the protein-

protein physical interaction network of yeast. The protein

identifiers of the open reading frames (ORF) were obtained

from from the Saccharomyces Genome Database (SGD) and

the yeast protein-protein interactions (PPI) were retrieved

from the Munich Information Center for Protein Sequences

(MIPS) [13]. We focused on the largest connected component

comprised of 3858 proteins with 7196 pairwise interactions. To

compare different neighborhood analysis approaches, we stud-

ied the neighborhoods of subsets of 101 cell cycle genes found

in the Kyoto Encyclopedia of Genes and Genomes (KEGG).

We considered each of the 101 genes as initial protein and

Fig. 4. Comparing the number of cell cycle proteins C (y-axis) in neigh-
borhoods constructed in different ways. The recursive approach involving
an initial neighbhorhood of 2 cell cycle related genes performs better than
approaches based on an initial set comprised of a single gene. We also report
the p-values of the Kruskal-Wallis rank sum test, which is a standard non-
parametric multi-group comparison test.

identified its 10 closest neighbors using the MTOM based

approaches in Section II-B. As metric for judging the biolog-

ical meaning of size S = 10 neighborhoods, we determined

the number C of cell cycle related genes. Overall, we find

that neighborhood analysis leads to neighborhoods with high

numbers of cell cycle genes C. However, C is significantly

correlated with the network connectivity k of the initial protein

(Spearman correlation r = 0.36, p-value≤ 0.001). This led

us to focus the analysis on the 50 most highly connected

‘hub’ proteins as source of initial seed neighborhoods. A

major advantage of the MTOM screening approach consists in

being able to input initial neighborhoods comprised of more

than 1 node. Figure 4 shows that an inital seed neighborhood

comprosed of 2 cell-cycle proteins leads to far better results

than using a single gene as input. In this application, the

recursive and the non-recursive MTOM neighborhood analysis

involving a single protein do not lead to better results than the

naive approach of building a neighborhood on the basis of

direct connections (adjacency=1) with the initial protein. The

results that 2 initial proteins lead to informative neighborhoods

is highly dependent on the topological overlap of the proteins

in the initial seed neighborhood as can be seen from Figure 5.

Note that pairs of proteins that result in neighborhoods with

high C (x-axis) are likely to be comprised of proteins with

high topological overlap (y-axis).

B. Neighborhood Analysis in a Brain Cancer Network

To illustrate the use of neighborhood analysis in a weighted

network, we study here the weighted brain cancer gene co-

expression network described in [12]. The network was built

on the basis of 55 brain cancer samples whose expression



Fig. 5. Boxplots for visualizing the distribution of the topological overlap (y-
axis) of initial protein pairs that lead to neighborhoods with a high percentage
of cell cycle genes (x-axis). A boxplot consists of the most extreme values
(the whiskers) in the data set (maximum and minimum values), the lower and
upper quartiles (lower and upper boundary of the box), and the median value
(horizontal line inside the notch). A notch is drawn in each side of the box. If
the notches of two plots do not overlap the two medians differ significantly.

profiles were measured using Affymetrix HG-U133A mi-

croarrays. The details of the gene co-expression network

construction are given in [12]. Briefly, the absolute value

of the Pearson correlation coefficient is calculated for all

pair-wise comparisons of gene-expression values across all

microarray samples. The correlation matrix is then transformed

into a matrix of connection strengths using the power function

(aij = |cor(xi, xj)|
6) resulting in a weighted network. The

use of weighted networks represents an improvement over

unweighted networks based on dichotomizing the correlation

matrix, because a) the continuous nature of the gene co-

expression information is preserved and b) the results of

weighted network analyses are highly robust with respect to

the choice of the power β = 6. Since probesets (nodes) with

low variance may represent noise, we focused the analysis on

the 15000 most varying probes (highest variance).

Table I reports the recursive MTOM based neighborhood of

size S = 20 of the patient survival time (TTS). We find that

that it is highly enriched in cancer- and neuron related genes.

Out of the 20 probe sets 11 probe sets are related to neuron

cells and 10 probe sets are related to cancers. Note that several

of the probe sets in Table I correspond to the same genes but

the correlations between gene expression values and TTS for

the different probe sets of a gene vary greatly. In contrast, a

standard approach which simply selects a neighborhood on the

Probe Name Gene Name References Correlation

208464 at GRIA4∗ [14] 0.62

221623 at BCAN∗ [15] 0.406

91920 at BCAN∗ [15] 0.226

219107 at BCAN∗ [15] 0.212

216476 at LOC115131 0.142

222301 at CROC4∗ [16] 0.093

212655 at BDG29 0.297

213768 s at ASCL1∗+ [17] 0.233

209988 s at ASCL1∗+ [17] 0.191

209987 s at ASCL1∗+ [17] 0.129

212265 at QKI∗ [18] 0.163

218902 at NOTCH1∗+ [19] -0.023

202981 x at SIAH1+ [20] 0.085

221776 s at BRD7+ [21] 0.068

212615 at FLJ12178 0.123

212616 at FLJ12178 0.126

213891 s at TCF4+ [22] 0.091

201310 s at C5orf13∗+ [23] 0.072

214239 x at RNF110+ [24] 0.076

213551 x at RNF110+ [24] 0.075

TABLE I

NEIGHBORHOOD OF SURVIVAL TIME BASED ON THE RECURSIVE MTOM

APPROACH. CANCER RELATED GENES ARE MARKED BY ”+” AND NEURON

CELL RELATED ONES MARKED BY ”*”. THE LAST COLUMN LISTS THE

CORRELATION BETWEEN THE GENES AND TTS.

basis of the absolute values of the correlations between gene

expression profile and survival time, leads to a neighborhood

with fewer cancer- and neuron related genes (Table II). Out

of the 20 most highly correlated probe sets in Table II only

4 probe sets are related to neuron cells and 6 probe sets are

related to cancer.

Comparing Tables I and II provides indirect empirical

evidence that in this application the MTOM neighborhood

analysis leads to biologically more meaningful results than

the standard approach.

A major advantage of the MTOM approach is that it allows

one to input more than 1 probeset as initial neighborhood. In

this application, we were interested in finding the neighbor-

hood of five highly correlated cancer genes: TOP2A, Rac1,

TPX2, EZH2 and KIF14. These cell mitosis related genes

were known from the literature. Table III reports the results

of recursive MTOM analysis. Out of 20 probes 13 are cancer

related, which provides further empirical evidence that the

MTOM approach leads to biologically meaningful results.

IV. AVAILABILITY:

A software for neighborhood analysis based on

MTOM can be downloaded from the following webpage:

http://genetics.ucla.edu/labs/horvath/MTOM/

V. CONCLUSION

This paper proposes the use of a multi-node generaliza-

tion of the of topological overlap measure for defining the



Probe Name Gene Name References Correlation

208464 at GRIA4∗ [14] 0.62

204529 s at TOX 0.601

206170 at ADRB2 0.539

216247 at RPS20 0.537

214028 x at TDRD3 0.526

213447 at IPW 0.522

207113 s at TNF∗+ [25] 0.514

218036 x at CGI-07 0.504

209160 at AKR1C3+ [26] 0.5

206107 at RGS11 0.496

209782 s at DBP 0.495

211653 x at AKR1C1+ [27] 0.494

213778 x at ZFP276 0.49

215119 at MYR8∗ [28] 0.486

202753 at p44S10+ [29] -0.481

209292 at ID4+ [30] 0.481

204530 s at TOX 0.481

221974 at SNRPN 0.481

219188 s at LRP16+ [31] 0.48

205630 at CRH∗ [32] 0.478

TABLE II

CORRELATION BASED NEIGHBORHOOD OF THE SURVIVAL TIME TTS .

CANCER RELATED GENES ARE MARKED BY ”+” AND NEURON CELL

RELATED ONES MARKED BY ”*”. THE LAST COLUMN LISTS THE

CORRELATION BETWEEN THE GENES AND TTS.

Probe Name Gene Name Reference

209642 at BUB1+ [33]

218355 at KIF4A

222077 s at RACGAP1+ [34]

219918 s at ASPM∗ [35]

207828 s at CENPF+ [36]

202580 x at FOXM1+ [37]

202870 s at CDC20+ [38]

202095 s at BIRC5+ [39]

221591 s at FLJ10156

218009 s at PRC1

204641 at NEK2+ [40]

209172 s at CENPF+ [36]

209464 at AURKB+ [41]

212020 s at MKI67+ [42]

204962 s at CENPA+ [43]

212023 s at MKI67+ [42]

204444 at KIF11

212949 at BRRN1

204026 s at ZWINT

203213 at CDC2+ [44]

TABLE III

RECURSIVE MTOM NEIGHBORHOOD OF THE FIVE MITOSIS RELATED

CANCER GENES: TOP2A, RAC1, TPX2, EZH2 AND KIF14. CANCER

RELATED GENES ARE MARKED BY ”+” AND NEURON CELL RELATED ONES

MARKED BY ”*”. THE LAST COLUMN LISTS THE CORRELATION BETWEEN

THE GENES AND TTS.

neighborhood of an initial seed neighborhood. To define the

size of the neighborhood, we propose a local permutation

test approach. MTOM is a natural extension of the standard

pairwise topological overlap measure [9]. It allows one to

define the neighborhood of three or more genes. Using two

different real applications we provide empirical evidence that

our method leads to biologically and clinically meaningful

results that can be superior to standard approaches.

In [45], we describe another generalization (GTOM) of the

topological overlap measure based on the proportion of m-step

neighbors shared by a pair of nodes. But this generalization

is only defined for unweighted networks and it measures

pairwise overlap. Thus, GTOM is very different from the

multi-node topological overlap measure (MTOM) proposed in

this paper.

It is worth emphasizing that when dealing with microarray

data, one can determine the gene neighborhood of an ‘ideal-

ized’ gene expression profile that represents a clinical trait.

For example, we study the gene neighborhood of brain cancer

survival time to identify brain cancer related genes.

Future research could explore how to use the MTOM

measure to define network modules.
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