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ABSTRACT
Genes behaving similarly over changing conditions are be-
lieved to be part of the same functional module. Identify-
ing functional modules of genes plays an important role in
understanding gene regulatory behavior as well as in facili-
tating function prediction of unknown genes. Subsequently,
determining ‘similar’ gene pairs or groups based on their
gene expression profiles is an important task towards ex-
tracting modules from microarray datasets. A prevailing
technique is to use a linear similarity measure like Pearson’s
correlation coefficient or Euclidean distance, to find simi-
lar gene pairs. However, the noise inherent in microarray
datasets reduces the sensitivity of these measures and pro-
duces many spurious pairs with no real biological relevance.
In this paper, we explore an extrinsic way of calculating
gene similarity based on their relations with other genes.
We show that ‘similar’ pairs identified by extrinsic measures
overlap better with known biological annotations available
in the Gene Ontology database. Our results also indicate
that extrinsic measures are useful to enhance the quality of
gene networks constructed from similar gene pairs by reduc-
ing spurious edges and introducing missing edges between
network nodes.
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Due to advances in technology (e.g., oligonucleotide mi-
croarray chips), scientists are now able to accumulate a
wealth of information on the expression of genes during the
life cycle of an organism. Such datasets provide vital in-
formation that can be used to gain insight into diverse bi-
ological questions. To analyze and mine these datasets for
potential useful information, various techniques and ideas
have been proposed. Of particular interest to many scien-
tists is the problem of identifying gene groups that have
similar expression patterns over various samples, known as
co-expressed genes. Genes with similar cellular functions
have been theorized to behave similarly over different con-
ditions [10]. Thus, obtaining groups of similar genes is fun-
damental to understanding the molecular and biochemical
processes that sustain the physiological state of the cell [23].

There has been a growing interest in representing co-expressed
genes as an association network to explore the system-level
functionality of genes [25, 6]. Here, nodes represent genes
and two nodes are linked if the corresponding genes are
significantly co-expressed (correlated) across the samples.
Earlier approaches have used expression levels of two genes
over all samples to surmise their correlation. However, this
similarity notion does not necessarily imply that genes are
functionally related. Given the noise inherent in microarray
datasets, it is our hypothesis that intrinsic similarity mea-
sures are not adequate to distinguish accidentally regulated
genes from those that are biologically motivated. We ar-
gue that since any given gene is likely to fluctuate in its
measured expression level due to many possible sources of
error, a similarity based on two genes’ measurements is more
error-prone than using relative positions of many genes as
a reference to deduce the same information. In addition,
gene products act as complexes to accomplish certain cellu-
lar level tasks [22], which is potentially suitable to infer two
gene’s similarity via their relations with other genes. Thus,
we propose and investigate the use of extrinsic similarity
measures to induce gene similarity.

The use of extrinsic measures and their advantages have
been previously studied for various data mining problems [8,
9]. Das et al [8], proposed using extrinsic measures on mar-
ket basket data in order to derive similarity between two
products from the buying patterns of customers. Palmer et
al [18], defined an extrinsic similarity measure (REP) with
an analogy to electric circuits. Both groups concluded that
extrinsic measures can give additional insight into the data.
Recently, Ravasz et al [19], proposed the Topological Over-
lap Measure (TOM), which is one of the few to use extrinsic



properties along with the intrinsic ones. Their measure in-
fers similarity of two nodes in a biochemical network in terms
of their pairwise similarity as well as the number of common
neighbors they share.

In this paper, we introduce a methodology for the applica-
tion of extrinsic similarity measures on microarray datasets.
We propose two different extrinsic measures motivated by
the notion of mutual independence analysis. The proposed
similarity measures are evaluated on two well-studied cancer
microarray datasets [1, 4]. In order to quantify the biolog-
ical concordance of different similarity notions, we employ
domain based validation metrics. We find that extrinsically
similar gene pairs better overlap with known biological anno-
tations from the Gene Ontology (GO) database when com-
pared to the Pearson’s correlation coefficient and the TOM.
To further analyze their usability for gene function infer-
ence, we construct association networks from ‘similar’ gene
pairs identified by different measures. Our analyzes show
that association networks constructed based on our extrin-
sic measures contain less spurious and more biologically ver-
ified edges compared to their counterparts generated using
other measures. We obtain densely connected clusters of
genes from these networks to study their usability in under-
standing the molecular and biological processes that sustain
health or cause cancer. We find that clusters extracted from
the extrinsically similar gene networks show evidence of can-
cer related pathways and functional modules such as signal
transduction pathway, apoptosis etc.

To summarize, our main contributions in this study are:

• Introducing the notion of mutual independence of two
genes based on their associations with other genes

• Proposing two extrinsic similarity measures suitable
for microarray analysis motivated by the mutual inde-
pendence analysis

• Investigating and demonstrating the efficacy of using
extrinsic measures in inferring pairwise gene similari-
ties, constructing gene networks and clustering genes

2. SIMILARITY MEASURES
To quantify the resemblance of two points, one needs a

measure of similarity. Similarity measures can be catego-
rized into two: extrinsic and intrinsic similarity measures.
An intrinsic similarity of two points i and j is purely defined
in terms of the values of i and j. On the other hand, an ex-
trinsic similarity measure takes into account other points to
infer i and j’s similarity.

Previous studies have shown the usability of external sim-
ilarity measures in other domains [8, 9]. To our knowledge,
usability of extrinsic similarity measures have not been in-
vestigated for identifying ‘similar’ genes. A prevailing method
to infer similarity of two genes from their expression pat-
terns is to use a linear intrinsic similarity (e.g. Euclidean
distance, Pearson’s correlation coefficient) measure. We dis-
cuss intrinsic similarity measures next.

2.1 Intrinsic Measure
Intrinsic similarity is purely defined on the points in ques-

tion. In the context of microarray analysis, the intrinsic
similarity of two genes is defined on these genes’ expression
levels over all samples.

In a typical microarray experiment, each gene is expressed
at some certain level at each condition which is defined as the
gene’s expression profile. More formally, a gene (say, x) is
associated with a profile vector (Vx) composed of its expres-
sion values over all samples, such that Vx = [x1, x2, ..., xn],
where n denotes the number of samples in the dataset. Thus,
intrinsic similarity between genes x and y, is a measure de-
fined on their profile vectors, Vx and Vy.

The most commonly used and accepted measure in the
literature for the task at hand is the Pearson’s correlation
coefficient. This is defined as [16]:

rxy =

Pn

i=1 (V i
x − Vx)(V i

y − Vy)
q

Pn

i=1 (V i
x − Vx)2

Pn

i=1 (V i
y − Vy)2

(1)

where Vx and Vy are the profile averages. Here, V i
x rep-

resents the ith entry of the vector Vx. According to this
definition, genes which are positively (or negatively) corre-
lated have a value close to 1 (or -1) whereas dissimilar gene
pairs have values close to 0. Absolute value of Pearson’s
correlation scores is used in this study since both positive
and negative correlations can play an important role in gene
association.

2.2 Extrinsic Measures
Extrinsic similarity of two attributes (i.e., genes) is de-

fined over other attributes in the dataset. Before defining
its specifics, a general definition of an extrinsic measure is
as follows [8]:

ESP (i, j) =
X

k∈P

|f(i, k) − f(j, k)| (2)

Here, f(i, k) denotes a function that signifies association be-
tween i and k. P refers to the set of attributes that will con-
tribute to the extrinsic similarity calculation of attributes i

and j.
As noted by Das et al [8], proper choice of the attribute set

P and function f is crucial for the usefulness of the resulting
extrinsic measure. Different choices will result in different
similarity notions. In the following section we will discuss a
methodology to derive effectual extrinsic similarity measures
to be used in inferring gene similarity.

2.3 Proposed Methodology
Our goal in developing an extrinsic similarity for microar-

ray analysis is to surmise the similarity of two genes by the
similarity of their relation with other genes. We believe that
use of an extrinsic measure for microarray analysis has a
twofold advantage over the use of intrinsic measures. First,
it reduces the impact of noise inherent in the dataset on the
similarity inference since more evidence are taken into con-
sideration per inference. Second, it suits well with the bio-
logical hypothesis that genes act as complexes to accomplish
certain tasks in the cell. As hypothesized, two genes behav-
ing similarly with the elements of a gene complex, presum-
ably belongs to that complex and share their functionality.
Thus defining two genes’ similarity by taking into consider-
ation their relation with other genes can potentially benefit
from the modular structure of the genomic interactions.

To define a proper measure, we first need to determine
over which set of genes, P , and using which association func-
tion, f , extrinsic similarity of two genes should be defined.



Here, we investigate the use of close proximity of genes ac-
cording to intrinsic notions when choosing a proper set P . In
addition, two functions based on mutual independence anal-
ysis from the Information Theory are evaluated. We com-
pare the proposed similarity measures with the currently
available techniques described in Section 3, as well as the
most popular intrinsic measure (i.e., Pearson’s correlation
coefficient).

2.3.1 Choice of Attribute Set (P )
To derive an efficient extrinsic measure for microarray

analysis, we first need to identify a gene set, P , that will
be used to infer the extrinsic similarity of two genes. For
this purpose, we use the group of genes that are similar to
both of the genes under question. Thus, initially for each
gene we identify a set of genes that are intrinsically similar
to that gene (i.e., the gene’s close neighbors). We refer this
as a gene’s neighborhood list (Ni) and define it as follows:

Ni = {j|j ∈ G, |rij | > κ} (3)

Here, G denotes the set of all genes in our dataset and |rij |
refers to the absolute value of the Pearson’s correlation coef-
ficient of genes i and j. Effect of the threshold parameter κ,
on the extrinsic measures and guidance of the size of neigh-
borhood lists to set this parameter is discussed in Section 61.
Next, the attribute set P that will be used to infer two genes’
similarity is designated as the intersection of their neighbor-
hood lists (i.e., P = Ni ∩ Nj ). Using common neighbors
of two genes as the set of attributes (P ) has two impor-
tant implications. First, it significantly reduces the required
number of calculations. Thus, instead of using the whole
gene set (G), a smaller size set is taken into consideration.
Secondly, it filters out irrelevant information which improves
the success of the extrinsic measure. By using the intrinsic
similarity to determine elements in set P , we take advantage
of both extrinsic and intrinsic properties. Our hypothesis
is that this helps to reduce the noisy inference that can be
introduced into the similarity inference by using these mea-
sures separately. It is noteworthy that an extrinsic measure
can be easily expandable to other groups of related genes.
For instance, one can prefer using an attribute set contain-
ing genes mapped to close chromosomal locations with two
genes whose similarity is under investigation.

2.3.2 Choice of Association Function (f)
After establishing the notion of an extrinsic similarity, and

defining the set P , the next step is to determine which asso-
ciation function (f) to use for our calculations. Das et al [8],
proposed using the confidence of association rules in an ap-
plication on market basket dataset. Their approach and its
applicability on gene expression datasets will be discussed
in details in Section 3. We propose using two appropriate
functions that are motivated by the mutual independence
analysis. We leverage mutual independence of two genes by
analyzing their frequency of occurrence and co-occurrence
in the neighborhood lists.

Before defining mutual dependency of two genes, first, we
explore three possible type of relations between any two
genes motivated by Das et al [8]. Accordingly, two genes
can either be, complementary, independent or correlated. If
two genes are complementary, then they do not to co-occur

1Our analysis indicated that relatively loose values produce
more useful extrinsic measures.

in the neighborhood lists. If they are independent, neighbors
of gene i are neighbors of gene j with the same probability
as the genes that are not neighbors of gene i. And if they
are correlated, neighbors of gene i are also neighbors of gene
j. These concepts are formally defined using neighborhood
lists as follows:

Definition 1: Frequency of occurrence for a gene i, P (i),
is defined as the frequency of encountering that gene in all
neighborhood lists. Since Pearson’s correlation coefficient is
a symmetric measure a gene has as many neighbors as the
number of times it occurs in all neighborhood lists. Thus,
frequency of a gene’s occurrence can be simplified to the
following:

P (i) =
|Ni|

|G|
(4)

where ‘|̊u|’ denotes the number of elements (cardinality) in
its argument. Note that frequency of occurrence is an in-
dication of the discriminatory nature of a gene’s expression
profile. Genes with indistinct expression profiles such as the
housekeeping genes will have higher values of frequency of
occurrence.

Definition 2: Frequency of co-occurrence for genes i and
j, P (i, j), is defined as the frequency of encountering these
two genes together in the neighborhood lists. More formally,
based on the symmetric Pearson’s measure, P (i, j) can be
defined as follows:

P (i, j) =
|{a|a ∈ G, i ∈ Na, j ∈ Na}|

|G|
(5)

By itself high frequency of co-occurrence does not imply
that two genes are correlated. In order to conclude that two
genes are not randomly co-occurring (independent) but there
is a biological trigger behind their co-occurrence (correlated),
we need to test if one gene’s frequency of occurrence is helpful
in predicting that of the other gene which is a notion known
as mutual independence. Note that, in this context, inde-
pendence of two genes implies that occurrence of a gene in a
neighborhood list makes it neither more nor less probable for
the other gene to occur in that list. Thus, mutual indepen-
dence of two genes only holds when P (i, j) = P (i)P (j). We
propose using two different independence tests to leverage
mutual dependency of two genes.

Specific Mutual Information Measure:

The Specific Mutual Information (smi) is a measure of as-
sociation commonly used in the Information Theory to infer
mutual dependency. Smi of two variables, X and Y , given
their joint distribution, P (X, Y ), and individual distribu-
tions, P (X) and P (Y ), is defined as follows:

I(X,Y ) =
O

E
=

P (X, Y )

P (X)P (Y )
(6)

where P (X,Y ) is the observed value (O) for joint probability
of events X and Y , whereas P (X)P (Y ) is its expected value
(E).

This test can be used to deduce the type of relation be-
tween two genes. If their smi value is 1, it can be concluded
that these two genes are independent. On the other hand,
a value greater than 1 implies being correlated and a value
smaller than 1 implies being complementary.



If two genes have similar relations with their common
neighbors, it is reasonable to conclude that they are simi-
lar. Based on this analysis and the notion of specific mutual
information, we propose the following extrinsic measure to
quantify dissimilarity of two genes (i and j).

smiP (i, j) =

P

k∈P |
P (i,k)

P (i)P (k)
−

P (j,k)
P (j)P (k)

|

|P |
(7)

This definition ensures that two genes having similar rela-
tions (i.e., complementary, correlated or independent) with
their common neighbors are closely related to each other
(smi value close to 0). Whereas two genes that have dif-
ferent relations with their common neighbors are dissimilar
and associated with higher values of smi. Note that, the
smi measure is normalized by dividing by the size of the
attribute set P .

Chi-Square Based Measure:

Pearson’s chi-square test is another method to assess mutual
dependency of two events. Formally, it is defined as follows:

chi(X, Y ) =
(O − E)2

E
=

(P (X,Y ) − P (X)P (Y ))2

P (X)P (Y )
(8)

This test tells us how far the observed value deviates from
the expected value under the assumption of independence.

According to this definition, two genes will have zero chi

value if they are independent. They will have higher chi

values otherwise. We employ a signed version of this test to
surmise the type of relation between two genes. Given this,
external dissimilarity of two genes based on the chi-square
analysis, chiP (i, j), is defined as follows:

P

k∈P |
sik(P (i,k)−P (i)P (k))2

P (i)P (k)
−

sjk(P (j,k)−P (j)P (k))2

P (j)P (k)
|

|P |
(9)

where sab denotes the sign of the term P (a, b) − P (a)P (b).
Note that signs are included into the measure to differen-
tiate a correlated pair from a complementary one. Similar
to the smi measure, two genes that have similar relations
with their common neighbors will have smaller chi values
whereas two genes that have dissimilar relations with their
common neighbors will have higher values2. Chi measure is
also normalized by dividing by the size of the attribute set.

3. PREVIOUS WORK

3.1 Topological Overlap Measure
Recently, Ravasz et al [19], proposed the Topological Over-

lap Measure (TOM) which takes into a step in using ex-
trinsic measures to infer similarity between two nodes of a
biological network. This measure is considered as an im-
provement over the intrinsic similarity which amalgamates
an additional external knowledge derived from the network
topology (i.e., number of common neighbors). According
to their definition, two nodes have high topological overlap
if they are connected to roughly the same group of nodes.
More formally, TOM of two genes i and j can be expressed
as follows:

TOM(i, j) =
|Ni ∩ Nj | + rij

min{|Ni|, |Nj |} + 1 − rij

(10)

2Only the positive information is considered for the chi
square test.

where rij is the pairwise similarity between these two genes.
The inclusion of the intrinsic similarity (rij), into this def-
inition, makes TOM measure explicitly dependent on the
intrinsic similarity of two nodes in question. Drawbacks of
this dependency will be discussed in Section 6.

3.2 Confidence of Association Rules
Das et al [8, 9], previously studied the extrinsic similar-

ity of attributes in a market basket dataset where confi-
dence of association rules are used as the association func-
tion, f . In a market-basket problem, each customer fills
their market basket with a subset of large number of items
(e.g., bread, milk). Such datasets are mined for association
rules of the form (X1, ..., Xn ⇒ Y ) to identify the relation
between items. The confidence of an association rule is de-
fined as the frequency of encountering the head of the rule
(X1, ..., Xn) among all the groups containing the body (Y ).
Das et al [8], proposed using the confidence of association
rules as the association function f . Thus, their proposed
extrinsic similarity measure reduces to the following.

ESP (A,B) =
X

D∈P

|conf(A ⇒ D) − conf(B ⇒ D)| (11)

where conf(A ⇒ D) is defined as P (A,D)
P (A)

.

For the task at hand, an analogy to a market basket is a
neighborhood list. Accordingly, we use the frequency of oc-
currence (P (i)) and the frequency of co-occurrence (P (i, j))
to derive a corresponding confidence based extrinsic mea-
sure suitable for microarray analysis. We again normalize
this measure by dividing it by the size of the set P .

We compare the newly proposed extrinsic similarity mea-
sures (smi and chi) with the existing ideas in the literature
(i.e., TOM and confidence) as well as the most commonly
used and accepted intrinsic measure for microarray analysis,
namely the Pearson’s correlation coefficient.

4. DOMAIN BASED EVALUATION
‘Similar’ pairs identified according to different similarity

measures are evaluated based on the Pairwise Semantic Sim-
ilarity measure of Resnik [17]. This measure makes use of
known annotations in the Gene Ontology (GO) database.
GO is a controlled vocabulary designed to accumulate the re-
sult of all investigations in the area of genomic and biomedicine
by providing a large database of known associations.

Biological relevance of two genes can be quantified with re-
spect to the significance of their shared GO annotations us-
ing the Semantic Similarity (SS) measure defined by Resnik [17].
Resnik’s measure is preferred among other semantic similar-
ity measures [11, 12], since it has been shown to outperform
the others and suit better for use in GO [20].

Pairwise SS scores are used to infer functional relevance of
probe pairs. For this purpose, we plot SS values for all an-
notated pairs of the arrays under study and observe that for
both arrays SS values roughly follow normal distributions.
We believe that to reduce the impact of missing information
in GO database, it is desirable to limit ourselves to upper
and lower tail of the distribution for inference. Accordingly,
we label each pair as a ‘TP’ if their SS score is greater than
the 95th percentile of all pairwise SS values. Similarly, a pair
is accepted as a ‘FP’ when their SS value is smaller than the
5th percentile of the distribution. We run an analysis to test
the effect of using greater percentile cut-offs on the overall



results which is presented in the Experiments section. We
want to note that, not every gene pair will be classified as a
‘TP’ or a ‘FP’ using this labeling methodology. A pair that
is composed of at least one unannotated gene is not labeled
since there is not enough information to conclude about the
biological concordance of these two genes. In addition, a
gene pair with an SS score between the percentile cut-offs is
not labeled since considering it as a ‘TP’ or a ‘FP’ pair is a
matter of specifying the granularity of biological similarity.

Pairs extracted by using different similarity notions are ac-
cumulated into association networks. We define the Cluster-
wise Positive Predictive Value measure (CPPV ) to evaluate
the biological quality of the dense regions extracted from
these clusters. CPPV of a cluster, (say, Ci), is defined as

CPPVi = |TPi|
|TPi|+|FPi|

. Here, TPi and FPi denote the set

of ‘TP’ and ’FP’ pairs in that cluster. Our calculations are
based on every possible gene pair in a cluster. Higher values
of CPPV imply that the cluster is enriched in ‘TP’ pairs.
On the contrary, lower values indicate that the cluster is
composed of biologically dissimilar genes.

5. DATASETS AND PRE-PROCESSING
For this study, we employ two well-studied cancer datasets.

First dataset is composed of gene expression values of 62
colon tissue samples where the Affymetrix Hum6000 array
with 6819 probes is used [1]. 42 of these are collected from
colon adenocarcinoma patients and 20 of them are collected
from normal colon tissue of the patients. Among all probes,
2000 were selected from 6817 by Alon et al according to the
highest minimum intensity [1]. Second dataset is composed
of 86 lung adenocarcinoma and 10 normal samples which is
analyzed by the Affymetrix HuGene FL array [4]. Beer et
al [4] trimmed the dataset of genes expressed at extremely
low levels resulting in 4966 probes for investigation.

Initially, we consider 2000 and 4966 probes for colon and
lung adenocarcinoma datasets respectively. We perform thresh-
olding, log transformation and normalization (quantile nor-
malization) on these two datasets as suggested by our anal-
ysis. In addition to these, we further standardize datasets
using a robust standardization method, median absolute
deviation (MAD). Genes with zero MAD values implying
that they are co-expressed at very similar levels across all of
the samples are excluded from further analysis. After pre-
processing 1578 genes for colon cancer and 4228 genes for
lung cancer datasets are examined.

6. EXPERIMENTS
We discuss the usability of external similarity measures as

a way of identifying similar genes throughout this section.
First, we give results for biological relevance of gene pairs
that are identified as ‘similar’ with different measures. Then,
co-expression networks generated from these ‘similar’ pairs
are analyzed for biological soundness. Finally, genes in each
of these networks are clustered to study the effect of extrinsic
similarity on the quality of gene clustering.

6.1 Setting the κ parameter
Before comparing newly proposed measures with the ex-

isting ones, we first investigate the effect of κ parameter on
the neighborhood lists. To choose a suitable κ threshold,
there are two things that we should take into consideration.
First, we want a gene’s neighborhood list to be composed

only of genes that are within close proximity of that gene.
Second, it is not desirable to have a set that is only composed
of a few genes since this would limit the power of inference
based on common neighbors. Accordingly, we vary κ pa-
rameter between 0.3 and 0.9 and observe the average size
of neighborhood lists for each of these values. As expected,
for both datasets, smaller values of κ resulted in lists big-
ger in size with many dissimilar genes. On the other hand,
higher κ values resulted in very small size lists which are
very restrictive to draw any conclusions. Given that ob-
servation, we believe that average size of the neighborhood
lists can guide us for setting the κ parameter. Consequently,
a reasonable κ threshold value, 0.5, is determined for both
datasets where neighborhood lists contain around 40 genes.
We test the effect of κ parameter on the efficacy of extrinsic
similarity measures in the next section.

6.2 Effect on Top ‘Similar’ Pairs
In the first experiment, we compare gene pairs that are la-

beled as ‘similar’ according to the discussed measures. For
each measure, gene pairs are sorted starting from the most
‘similar’ one. These pairs are labeled as ‘TP’ or ‘FP’s based
on their semantic similarity scores3. Different number of top
scoring pairs (varying between 1000 and 10000) are com-
pared based on the number of ‘FP’ and ‘TP’s among them
(depicted in the below table) 4.

Pearson TOM Confidence Smi Chi
TP FP TP FP TP FP TP FP TP FP

1000 24 48 24 48 35 47 34 34 47 25

2000 51 88 50 87 65 107 72 64 75 65
3000 74 133 75 134 111 140 111 99 100 94

4000 109 176 109 177 140 201 153 136 132 122

5000 153 219 154 220 170 243 195 180 168 150

6000 193 265 194 265 187 309 224 222 204 178

7000 226 322 225 321 236 352 268 256 242 214

8000 265 365 265 366 265 380 296 285 294 252

9000 297 403 299 405 304 422 328 315 330 283

10000 337 445 338 447 330 464 361 343 366 305

In each case, smi and chi measures produce more ‘TP’
pairs compared to the TOM and the Pearson measures. In
addition, smi and chi measures also generate significantly
less ‘FP’ pairs in comparison to other measures. These re-
sults confirm that smi and chi measures better capture the
biological relevance of two genes than the available measures
in the literature. This improvement can be attributed to two
reasons: the noisy nature of microarray datasets and the
functional modularity of genes. Intrinsic measures directly
possess and reflect the noise inherent in the data since they
are purely defined on the expression levels of genes under
study. As high values of ‘FP’ counts for the Pearson mea-
sure imply, erroneous measurements have a drastic impact
on this intrinsic measure. It is notable that despite tak-
ing into consideration an extrinsic feature, TOM is similarly
affected by the noise inherent in the dataset. This result
shows that TOM is mainly dominated by the intrinsic fac-
tor in its definition. On the other hand, extrinsic measures
are dependent on more evidence where mutual independence
is inferred from all neighborhood lists. As a result, impact
of erroneous measurements expected to be less severe on
the extrinsic similarity measures. Our experimental results

3Not every gene pair can be labeled as a ‘TP’ or a ‘FP’.
4Colon cancer dataset follows similar trends.
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Figure 1: PPV of the top ‘similar’ pairs identified from our experimental datasets (κ = 0.5): (a)Colon Cancer (b)Lung

Cancer.

are also in accordance with this expectation where extrinsic
measures generate less ‘FP’ pairs. In addition, inferring two
genes’ similarity from a set of other genes can benefit from
the group level interactions known to take place between
gene products when accomplishing certain cellular tasks [22].
High ‘TP’ counts associated with extrinsic measures are also
in accordance with this biological premise. Poor results of
the confidence measure indicate that choosing a proper as-
sociation function f is also vital when defining an extrinsic
similarity measure.

We also evaluate the Positive Predictive Value (PPV =
TP

TP+FP
) of these pairs on both datasets (presented in Fig-

ures 1a-b). As can be seen, for both datasets, smi and chi
measures constantly have higher PPVs when same number
of similar pairs are analyzed. For colon cancer dataset, when
compared to Pearson correlation, on average smi and chi
measures improved the PPVs 30% and 34% respectively.
For the lung cancer dataset, smi and chi measures again
produce higher PPVs (on average an increase by 11% and
10%) than the Pearson measure. On the other hand, for
both datasets TOM does equivalently or poorly when com-
pared to the Pearson measure. Our analyzes also show that
confidence is not a robust similarity measure due to the fact
that it only considers two genes co-occurrence without an-
alyzing their independence. As a result, it is impossible to
tell if two genes are correlated, independent or complemen-
tary based on their confidence scores. This leads to incorrect
conclusions about two gene’s similarity as implied by the
fluctuating pattern of the confidence measure in Figures 2a-
b.These results also suggest that mutual independence based
analysis generates more robust external similarity measures
when compared to the confidence based analysis.

In the next experiment, we evaluate the PPV of top pairs
for different values of κ. We re-run our analysis on colon
cancer dataset for different κ thresholds (depicted in Figure
1a (κ = 0.5) and Figures 2a-b (κ = 0.45 and κ =0.55)). In
each case, pairs identified by our extrinsic measures have
systematically higher PPVs than the other measures. As in
the previous cases, confidence measure produces inconstant
PPVs and TOM does equally well with the Pearson corre-
lation. These results show that although κ threshold has an
impact on the efficacy of extrinsic measures, within a rea-
sonable range (can be chosen by considering the average size
of neighborhood lists) of κ values, extrinsic measures would
be better alternatives to intrinsic measures.

6.3 Effect on Similarity Networks
In this experiment, we construct association networks by

connecting the top scoring gene pairs identified by each mea-
sure. To keep the same size for all networks, we only used the
top 0.01% of ‘similar’ gene pairs in each case. Accordingly,
from the colon cancer dataset a network of 12,438 edges and
from the lung cancer dataset a network composed of 89,359
edges are constructed. To investigate the biological quality
of these networks, we identify the ‘TP’ and ‘FP’ pairs (i.e.,
edges) in each network. Here, we again observe that the
advantage of using extrinsic measures is two-fold as shown
in the below table. First, they reduce the number of ‘FP’
edges and secondly they increase the number of ‘TP’ edges.
As a result, for the colon cancer dataset PPV is increased
by 18% and 20% when smi and chi measures are employed
respectively. For the lung cancer dataset, both measures
improve the PPV by 15 % when compared to the Pearson
measure. Networks identified using the TOM, do not have
higher PPVs than the networks generated by the Pearson
correlation, implying that TOM fails to contribute to a stan-
dard intrinsic similarity measure. These results suggest that
extrinsic measures are not only effective in reducing the false
inferences, but they also introduce certified edges missed by
the existing similarity measures. Given this, we believe that
well-suited extrinsic measures, can give additional insight
into the gene similarity networks which cannot be captured
by an intrinsic measure.

Colon Cancer Lung Cancer
TP FP PPV TP FP PPV

Pearson 427 548 0.44 3571 4027 0.47
TOM 420 539 0.44 2913 4125 0.41
Confidence 409 583 0.41 2881 3719 0.44
Smi 445 419 0.52 4494 3814 0.54

Chi 449 395 0.53 4309 3702 0.54

We also evaluate the effect of using different percentile
cut-offs that are used to infer ‘TP’ and ‘FP’ pairs. For this
purpose, we re-analyze the gene network generated from the
colon cancer dataset by varying the percentile cut-offs. We
vary upper tail percentile cut-offs between 0.05, 0.1 and 0.2
and correspondingly lower tail cut-offs between 0.95, 0.9 and
0.8. We then analyze the PPV of colon cancer ‘similarity’
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Figure 2: PPV of the top ‘similar’ gene pairs identified from Colon cancer dataset for different values of κ (a)0.45

and (b)0.55.

networks using these varying cut-offs (depicted in Figure 3).
As can be seen from this figure, although changing the cut-
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Figure 3: Evaluation of colon cancer network for

various percentile cut-offs.

offs effect the mere value of PPVs, networks generated from
extrinsic measures do consistently better than their intrinsic
counterparts for any cut-off setting. However, we also note
that when a wider (lower and upper) tail is considered for
our analysis, the improvement of extrinsic measures over in-
trinsic measures decreases. For example when we compare
smi measure with Pearson, the increase in PPV decreases
from 18% to 12% when the 20th (and 80th) percentile is
used instead of the 5th (and 95th) percentile. This can be
attributed to the existence of missing information in the GO
database. As expected, inference based on wider tails are
more severely affected by the partial information than the
inference based on extreme tails.

6.4 Effect on Network Clusters
In this experiment, we examine the quality of clusters ex-

tracted from different gene similarity networks. Extracting
groups of genes that are tightly connected in a co-expression
network is important for the inference of functional annota-
tion [10, 21, 3]. However, it is not yet clear which clus-
tering/partitioning method is the most useful one for this
purpose. To identify dense regions from our networks, we
employ the most commonly used clustering algorithm, i.e.,
hierarchical clustering with UPGMA. To our knowledge, no
entirely reliable method exists for identifying the correct
number of clusters (i.e., k) in a dataset. That is why, we

perform hierarchical clustering for a range of different num-
bers of clusters (100 ≤ k ≤ 1000). Modularity measure
proposed by Newman et al [14] is used to estimate the cor-
rect number of clusters for each network. As suggested by
the modularity analysis, colon and lung cancer networks are
initially partitioned into 500 and 400 clusters respectively.
Each clustering arrangement is validated using the cluster
validation measure (CPPV ). We then eliminate the clusters
with zero CPPV values and plot CPPV of the remaining
ones (depicted in Figures 4a-b). As can be observed from
these figures, smi and chi networks produce more clusters
with high CPPV values for both datasets. These results
confirm that networks generated based on external similar-
ity notions are better sources for obtaining biologically more
meaningful clusters.

We next investigate the importance of identifying biolog-
ically sound groupings for reaching a better understanding
of cancer and consequently developing new treatments.

7. DISCUSSION
In this section, we investigate the usability of clusters ex-

tracted from different gene similarity networks by running
a dataset specific analysis. For this part of our analysis,
we make use of the colon cancer dataset which is composed
of tumorous and non-tumorous tissues of the human colon
and rectum. As being the third most common cancer and
the second leading cause of cancer-related death in US, a
better understanding of the development and progression of
this disease can be crucial for determining novel targets and
strategies for its treatment.

Our experimental results show that by using extrinsic sim-
ilarity notions, we obtain clusters with higher CPPV imply-
ing pairwise similarities of genes in the same cluster. How-
ever, pairwise similarities do not prove that the cluster is
composed of many genes that are involved in the same path-
way or molecular function. We further analyze the extracted
clusters to investigate the ones that are functionally coher-
ent. For this purpose, we employ an enrichment analysis
that signifies the statistical value of a cluster’s functional ho-
mogeneity. We calculate an enrichment score (i.e., p-value)
which is defined as the chance of observing that particu-
lar grouping, or better, given the background distribution5.

5All three ontologies are employed. For more details please
refer to our previous work [24].



Figure 4: Distribution of CPPV for clusters extracted from (a) Colon cancer (k = 500) and (b) Lung cancer datasets

(k = 400).

Among all clusters, the ones that are significantly enriched
in genes from the same functional group are determined and
presented in the following table. Recommended cut-off of
0.05 is used for all our validations. A more detailed analysis
of these significant clusters is revealed that they can be very
useful in understanding and treating the colorectal cancer.
We discuss several of these clusters and their relation with
colon cancer in the rest of this section.

Several of the clusters extracted from the chi network, are
annotated with the GO terms related to the Signal Trans-
duction Pathway (i.e., receptor signaling protein activity, sig-
nal transducer activity, scavenger receptor activity). This is
an important pathway targeted for colorectal cancer treat-
ment [7]. Thus, studying these clusters might be important
for understanding the role of signal transduction in colorec-
tal cancer, and accordingly introducing promising molecu-
lar targets, and strengthening the existing therapeutic ap-
proaches. An additional use of these clusters might be to un-
derstand the interactions between various functional groups
that initiate and maintain colorectal cancer. One can study
the edges between clusters in order to reveal this informa-
tion. Other measures cannot disclose the biological signal
regarding the role of Signal Transduction Pathway in colon
cancer from our test data.

From the smi network, we extract a cluster that is com-
posed of genes associated with the GO term cytoskeleton.
Recent evidence indicates that the interaction of a tumor
suppressor gene (APC) with the cytoskeleton might con-
tribute to colorectal tumor initiation and progression [15].
That is why, we believe that locating these genes together
in a cluster is triggered by the role they play in colon cancer
tumorigenesis. Unfortunately, it is still unknown that how
APC interacts with the cytoskeleton and how their interac-
tion plays a role in the formation of colorectal tumors [15].
We believe that once functionally coherent (and less error-
prone) clusters are identified, relations between these clus-
ters can be used to reveal the function level interactions vital
for understanding the cause of some diseases.

Besides revealing pathways and functional groups associ-
ated with the colon cancer, significant clusters can also be
employed for function prediction. Determining the functions
of genes is a central problem in biology [21, 5, 13]. An unan-
notated gene that is located into a cluster with a significant
functional annotation can be predicted to be part of this

same functional module. Our hypothesis is that clusters
that are functionally more coherent are better sources for
function prediction. As an example, one of the smi clusters
is associated with the GO term tRNA metabolism. In this
group, a gene (H05910) does not have a known annotation.
This suggests that the unknown gene might have an unre-
vealed task in this biological process. Using other similarity
measures the same gene is located into clusters that are not
enriched in any functional gene groups which provides no
information for function prediction and identification.

GO Term Measure p-value

receptor signaling protein activity Chi .000291

signal transducer activity Chi .000091

scavenger receptor activity Chi .000278

immunological synapse Chi .000590

Ras GTPase binding Chi .000209

phosphoprotein binding Chi .000160

mRNA metabolism Chi .000480

protein homooligomerization Chi .000217

regulation of metabolism Chi .000049

positive regulation of I-kappaB kinase/NF-kappaB cascade Chi .000062

secretion Chi .000250

general RNA polymerase II transcription factor activity Smi .000761

phosphatase regulator activity Smi .000965

secretory granule Smi .000309

leading edge Smi .000189

non-membrane-bound organelle Smi .000359

cytoskeleton Smi .000453

cation channel activity Smi .000096

DNA-directed RNA polymerase activity Smi .000603

hematopoietin/interferon-class cytokine receptor activity Smi .000965

FAD binding Smi .000774

translation initiation factor activity Pearson .000500

synaptic transmission Pearson .000031

obsolete molecular function Pearson .000283

synaptic transmission TOM .000030

protein N-terminus binding TOM .000217

acetyl-CoA C-acyltransferase activity Conf. .000279

helicase activity Conf. .000025

golgi apparatus Conf. .000339



8. CONCLUSION
In this paper, we have introduced the notion of mutual

independence of genes based on their relations with their
common neighbors. We have presented suitable extrinsic
similarity measures for microarray analysis that make use of
the mutual independence analysis. We have investigated the
efficacy of the proposed measures and run thorough analysis
to compare them with other measures available in the litera-
ture. Our experimental results prove that using the extrinsic
measures it is possible to identify gene pairs that are bio-
logically more relevant. In addition, association networks
generated based on these measures are shown to contain
more ‘TP’ edges and less ‘FP’ edges.

Our analysis also shows that different similarity notions
can reveal different aspects of a microarray dataset as im-
plied by the diverse annotations extracted from different net-
works. Previously, we have studied different ensemble tech-
niques to improve clustering results on a scale-free protein
interaction network [2]. We believe that an ensemble ap-
proach in integrating different aspects of a dataset captured
by different similarity measures could work well in microar-
ray analysis. In the future, we plan to investigate this. As
an extension, we would also like to work on characterizing
the group level interactions among genes and gene products
using the multivariate information analysis.
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