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Abstract

Prediction of gene functions is a major challenge to biol-
ogists in the post-genomic era. Interactions between genes
and their products compose networks and can be used to
infer gene functions. Most previous studies used heuris-
tic approaches based on either local or global informa-
tion of gene interaction networks to assign unknown gene
functions. In this study, we propose a graph kernel-based
method that can capture the structure of gene interaction
networks to predict gene functions. We conducted an ex-
perimental study on a test-bed of P53-related genes. The
experimental results demonstrated better performance for
our proposed method as compared with baseline methods.

1. Introduction

In recent years, the rapid development in genome se-
quencing research has led to the identification of a large
number of genes. Understanding the functions of these
genes becomes a major challenge to biologists in the post-
genomic era. Even though several efforts have been made
to study these genes, many gene functions remain unknown.
On average, as many as 70% of the genes in a genome have
poorly known or unknown functions [5].

Due to the large quantity of unknown genes, it is infea-
sible to test every function for each gene by experiments.
It is necessary to apply computational methods on existing
experimental results and knowledge to provide suggestions
for further experimental research. In previous studies, high-
throughput experimental data, including gene sequences [9]
and gene microarray co-expression [17], have all been used
as evidence for gene function prediction.

Genes and their products interact and regulate with one
another in biological pathways. The different types of
gene/protein interactions can be detected by various tech-

niques including synthetic lethals, co-expression, phylo-
genetic profile, and so on [12]. The revealed and con-
firmed interactions, which are often documented in litera-
ture or knowledge-bases [3], may provide important clues
for uncovered gene functions. Recent studies on gene func-
tion prediction utilized gene interactions and demonstrated
promising performance [7].

In this study, we propose a novel approach to predict
gene functions based upon the structure of gene interaction
networks. Specifically, we design a graph kernel to cap-
ture the network structural information and learn patterns
in gene interaction networks that are related to individual
gene’s functions. Our proposed computational method is
evaluated using a test-bed of p53-related genes.

The remainder of this paper is organized as follow. In
Section 2 we review related studies on gene function pre-
diction based on gene interaction networks. In Section 3 we
introduce the proposed graph kernel approach. In Section 4
we describe our experiments on performance evaluation and
discuss the results. Section 5 summarizes our conclusions
and future directions.

2. Literature Review

In this section, we survey previous studies on gene func-
tion prediction using gene interaction information. We also
briefly review kernel-based learning methods.

2.1. Gene function prediction with gene in-
teraction information

Gene functions can be inferred not only from genes’ own
features (e.g., gene sequence structures) but also from their
interactions with other genes or proteins. After mapping
proteins to genes, such interactions can be represented as
a gene interaction network, in which some gene functions
have been revealed. In this section we review gene function



prediction studies based on such gene interaction networks
from the following two perspectives: levels of interactions
and analytical techniques.

2.1.1. Levels of interactions. For the purpose of gene func-
tion prediction, we can utilize different levels of interactions
in the network.

To predict a target gene’s function, the local view fo-
cuses on the directly connected genes. Based on an as-
sumption that direct interactions indicate a strong correla-
tion in the functions of connected genes, previous research
proposed the “guilt by association” rule for gene function
prediction [19]. Thus, the functions that most frequently
appear in neighboring genes will be propagated to the one
of interest. Other research constructed features on direct
neighbors to describe genes and infer their functions. For
example, both statistical approaches [18] and support vec-
tor machine (SVM) [11] have been applied to predict gene
functions based on the similarities of neighbor genes.

Considering that indirectly connected genes may also
be relevant to target genes, a global view of the network
expands the scope of analysis to multiple levels of inter-
actions. By extending the rule of “guilt by association,”
Hisigaki et al. selected the functions with the highest
probability to appear in multiple levels of neighborhood as
target gene’s functions [6]. The label propagation approach
adds a damping factor while transferring gene functions
along interactions. Thus, genes which are farther from
the target gene may have smaller probabilities to affect
the target genes’ function prediction [16]. Based a similar
assumption, a diffusion kernel approach has been proposed
to predict gene functions according to their relative posi-
tions, where the genes with more and shorter paths between
them are considered to have higher similarity in functions
[11, 21]. In these studies, the indirect connections between
genes are also considered as clues of related gene functions.

2.1.2. Analytical techniques. Gene function prediction
can be performed at either gene cluster level or an individ-
ual gene level. If a group of genes have strong interactions
with each other and can be considered as a cluster, they may
share similar functions [8]. In this work, we are more inter-
ested in the task of predicting functions of individual genes,
of which the analytical techniques can be roughly catego-
rized into heuristic approaches and learning approaches.

Heuristic approaches often require predefining rules for
prediction. The “guilt by association” rule [19, 6] and the
label propagation method [16] are examples of heuristic ap-
proaches. Based on the “guilt by association” rule, sev-
eral studies have formulated the gene function prediction
as an optimization problem to minimize the inconsistency
of function assignments on neighbor genes. Vazquez et al
proposed to use simulated annealing [22] and Karaoz et al

proposed to use an iterative local search method [10] to find
satisfactory solutions to the problem.

Compared with heuristic approaches, learning ap-
proaches extract patterns from training instances and in-
fer the categories of other instances. As effective machine
learning methods, kernel methods have been used in several
studies for gene function prediction based on gene interac-
tion networks. For example, linear kernel and diffusion ker-
nel are used to capture the local and global information of
gene interactions to predict gene functions [11, 21]. Learn-
ing approaches are also widely used in the gene function
prediction from other types of features [9].

2.2. A brief review of kernel methods

Kernel methods are an effective approach to building
classifiers, which has been widely used in previous gene
function prediction studies. A kernel-based method con-
tains a kernel function (kernel) and a kernel machine. A ker-
nel function implicitly defines a similarity measure between
data instances k : χ × χ → < (x, x′) → k(x, x′) , which
maps the data instances in the input space χ to a feature
space H (named reproducing kernel Hilbert space, RKHS)
Φ(x) : χ → H , where for every pair of data instances
k(x, x′) =< Φ(x),Φ(x′) >. A kernel machine is an algo-
rithm which performs learning tasks in this feature spaceH .
SVM is a well-known kernel machine, which seeks optimal
separating hyperplanes with the largest margin to separate
data instances in the feature space. During the learning pro-
cess, a kernel machine only requires kernel matrices, which
contain kernel values between data instances, to build clas-
sifiers. Although there are limited types of kernel machines,
the performance of a kernel method usually highly depends
on the selection and design of kernel functions [20].

2.3. Summary

In previous research of gene function prediction using
gene interaction network information, both directly con-
nected genes and the entire network have been utilized.
However, most existing techniques that capture global in-
formation of gene network belong to heuristic approaches.
There have been limited studies that take a learning ap-
proach to capture global information and predict the func-
tions of individual genes. The utilization of gene interaction
network global information in learning approaches for gene
function predilection need to be further addressed.

3. Research Design

In order to address the limitations in previous research,
this study designs new kernels to capture global information
of gene interaction networks for gene function prediction.



3.1. Methodology

Our gene function prediction method includes four major
steps: (1) Network Construction: we extract gene interac-
tions from pubic knowledge databases such as the BioGRID
[3] to construct gene networks. (2) Network Annotation:
genes in the network are annotated with their functions if
known. Gene functions can be extracted from Gene On-
tology [1] and MIPS [14]. The genes whose functions are
currently unknown are annotated as “unknown.” (3) Clas-
sifier Construction: we take a kernel method and construct
kernels to capture gene similarities that are related to their
functions. Since a gene may have multiple functions, we
build a binary classifier for each gene function. (4) Evalua-
tion: the trained classifiers are evaluated by predicting func-
tions of genes in the testing set. The predicted functions of
a gene are compared with its real functions for evaluation.

3.2. Labeled graph kernel

Based on the assumption that a gene’s function is corre-
lated to the genes’ functions it directly or indirectly inter-
act with, we propose a labeled graph kernel (LGK) predict
functions of individual genes based on the function distri-
butions on their associated gene interaction networks.

In previous research, kernel methods have been used to
capture network structural similarities. Graph kernels can
be designed based on pairwise comparison of (matching)
random walk paths of graph pairs. Such a method has been
used in molecule structure based protein function predic-
tion [2]. In these studies, random walk paths can start from
any nodes in the network. However, we need to compare
networks associated with genes. In addition, we take into
account the distance between target genes and their associ-
ated genes in the network. Thus, our proposed LGK only
compares the random walk paths starting from target genes.

The random walks are conducted following gene inter-
actions from one gene to another in the network G(Figure
1). In each step, a random walk either jumps to one of the

Figure 1. Random walk paths on a network.

neighbors or stops by following a probability distribution.
Thus, any random walk path h have a probability P (h|G)
to exist, which equals the multiplications all transition prob-
abilities along the path. The similarity between two net-
works associated with two genes is calculated based on the
pairwise comparisons of these random walk paths:

K ′(G,G′) =
∑

h

∑
h′

k(h, h′)P (h|G)P (h′|G′)

where K(G,G′) is the similarity between two genes’ asso-
ciated networks. h (h′) is a random walk path in network G
(G′). k(h, h′) is the similarity of two random walk paths.

If the lengths of two paths are different, their similarities
are considered as 0. Otherwise, each pair of random walk
paths is compared according to the nodes (genes) on the
paths. Two random walk paths’ similarity is calculated as
the multiplication of all nodes’ similarities on the path.

k(h, h′) =
n∏

i=1

k̂(xi, x
′
i)

where xi (x′
i) represents the series of nodes on h (h′).

k̂(xi, x
′
i) is the similarity of the two nodes.

The similarity of two nodes is calculated based on com-
paring their functions. As each node may have multiple
functions, the comparison is conducted in a pairwise man-
ner. Many gene function annotation systems, such as Gene
Ontology, have a hierarchical structure. Thus, the similar-
ity of these functions can be represented by the number of
ancestors they share in the hierarchy. The more levels of an-
cestors two functions share, the higher similarity they have.
An exponential damping effect λ is used to penalize the
higher level of two functions’ shared ancestor:

k̂(xi, x
′
i) =

∑
l

∑
l′

1− λcom(l,l′)

where l (l′) represent the multiple functions of xi (x′
i).

com(l, l′) is the level of ancestors two functions share.
At last, the kernel function needs to be normalized:

K(G1, G2) = K ′(G1, G2)/
√
K ′(G1, G1)K ′(G2, G2)

4. Experimental Study

4.1. Test-bed

In our experiments, we used the collection of gene inter-
actions from BioGRID database to build a gene network
[3]. In BioGRID, there are 38,225 relations which are
only related to homo sapiens genes from previous literature.
By consolidating the duplicate relations, the final dataset
contains 19,623 non-directional relations related to 7,167



genes. These interactions construct a graph with 150 indi-
vidual components. The largest component contains 6,809
genes and 19,409 relations. On average, each gene inter-
acted with 5.48 other genes. The graph has a clustering
coefficient of 0.14, which is much higher than a random
network of the same size (0.00076), indicating a high prob-
ability that genes form clusters.

Following a domain expert’s suggestion, we used the
terms in the “biological process” hierarchy of Gene Ontol-
ogy [1] as the functions and classification labels of individ-
ual genes. The “biological process” hierarchy is a 10-level
structure with 7,172 GO terms. The first level (root level) is
“biological process.” The second level has 7 nodes, includ-
ing “unknown.” The third level has 264 nodes. Considering
both the granularity of the function that we want to classify
and the sample size needed to build a classifier, we chose
the third level annotation of the GO “biological process”
hierarchy as classification labels.

Among homo sapiens genes, the tumor suppressor gene,
p53, has been well studied because of its central role in the
regulation of apoptosis and cell cycle arrest in cancer de-
velopment. Due to its significance, previous research pro-
vided a relatively reliable function annotation for p53 and
its related genes. Therefore, in this study we focus on the
p53-related genes as our test-bed. Based on our previous
study on p53 pathway [13], we identified 2,045 p53-related
genes. The 1,436 genes among them that have clearly de-
fined biological process labels are selected for the experi-
mental study. In total, these genes have 38 third level GO bi-
ological process annotations. To have enough data instances
to learn the classifiers, we considered 9 of them which have
more than 40 instances in our dataset for evaluation.

4.2. Evaluation metrics

We used precision, recall, and F-measure, which have
been widely used in information retrieval and machine
learning studies, to evaluate the classifiers’ performance.
Since one gene can be assigned multiple functions and one
function may have multiple gens, we can evaluate the per-
formance of classifiers both at the instance (i.e., individual
gene) level and at the class level. Instance-level precision
(Pg), recall (Rg), and F-measure (Fg) are defined as:

Pg =
correctly predicted functions of a gene

all predicted functions of a gene

Rg =
correctly predicted functions of a gene

all (known) functions of a gene
Fg = (2× Pg ×Rg)/(Pg +Rg)

Class-level precision (Pf ), recall (Rf ), and F-measure
(Ff ) are defined as:

Pf =
correctly predicted genes of a class

all predicted genes of a class

Rf =
correctly predicted genes of a class

all (known) genes of a class

Ff = (2× Pf ×Rf )/(Pf +Rf )

4.3. Baseline methods

In the experimental study, we compared our proposed
LGK method against two baseline methods: a linear
kernel method(LK) [11] and a graph minimum cut algo-
rithm called Gene Annotation using Interaction Networks
(GAIN) [10]. In previous gene function prediction research
using gene interaction networks, it is reported that the linear
kernel has similar performance as the diffusion kernel[11]
and GAIN has a similar performance as the “guilt by
association” rule[15]. In addition, LK is a learning method
using local information and GAIN is a heuristic method
using global information.

4.3.1. Linear kernel (LK). Linear kernel has been used in
previous studies to take advantage of gene interactions for
function prediction [11]. In the LK, each gene g is repre-
sented by a vector of genes Vg which are directed connected
with the target gene. The linear kernel K(g1, g2) is defined
as the normalized inner product of the two vectors:

K ′(g1, g2) = 〈Vg1 , Vg2〉

K(g1, g2) = K ′(g1, g2)/
√
K ′(g1, g1)K ′(g2, g2)

4.3.2. Gene Annotation using Interaction Network
(GAIN). GAIN is a graph minimum cut algorithm devel-
oped by Karaoz et al. for gene function assignment [10].
This algorithm annotates gene functions in a network to
minimize the number of linked gene pairs that have incon-
sistent assignment of functions. It represents the gene inter-
action network as a Hopfield network and conducts iterative
local search on the network to find a satisfactory solution to
the problem.

4.4. Experimental procedure

After we constructed the gene interaction network from
interactions in BioGRID and annotated genes with their GO
functions, we conducted 10-fold cross validation for each
of the three gene function prediction methods. For each
fold, functions of genes in the testing set are considered
“unknown” as other genes whose functions have not been
discovered. The genes in other nine folds are used as train-
ing set to build prediction models. For the two kernels(LK
and LGK), we computed kernel matrices for each fold and
used a well-known high-performance SVM package, “lib-
SVM” [4], to train the classifiers. For the GAIN algorithm,
we used the GAIN software package to make predictions
(https://bioinformatics.cs.vt.edu/∼murali/software/gain/).



The functions of genes in the testing set predicted by the
three classifiers are compared with their true functions.
We conducted pairwise t-test on precision, recall, and
F-measure for each instance and for each class to compare
the performance of different algorithms.

4.5. Experimental results and discussions

4.4.1. Instance-level performance. We first evaluated the
prediction performances on individual genes. Table 1 re-
ports the average precision, recall, and F-measure of pre-
dicting each gene’s functions achieved by the three clas-
sifiers. For all three measures, LGK consistently outper-
formed GAIN and LK. Pairwise t-tests showed that LGK
outperformed GAIN on recall at the confidence level of
90%. LGK outperformed the two baseline methods on other
measures at the confidence level of 99%.

Table 1. Instance-level performance
Classifiers Average Pg Average Rg Average Fg

LGK 73.57% 59.21% 61.45%
LK 61.94% 56.55% 55.00%

GAIN 71.08% 57.91% 59.18%

It has been reported in previous research that the perfor-
mances of classifiers are positively correlated to the num-
ber of genes that a gene interacts with. Our experimental
results showed a similar pattern, especially for the precision
measure (Figure 2). In addition to the positive correlation
pattern, we also observe that when a gene interacting with
one or two genes, the performance of LGK is slightly worse
than GAIN. However, LGK’s performance increases signif-
icantly for genes interacting with more genes. For most of
the genes, LGK outperformed GAIN and LK.

Figure 2. Classification precision on different
numbers of interacted genes.

4.4.2. Class-level performance. Table 2 shows the per-
formances achieved by the three classifiers on individual

classes. Although the three classifiers had similar perfor-
mance on recall, their precisions have significant differ-
ences. In general, LGK had the highest precision for most
classes. LGK and LK achieved the highest recall values in
a similar number of classes. Class level pairwise t-test on
precision, recall, and F-measure showed that LGK achieved
higher precision than the other two classifiers at the confi-
dence level of 95%. LGK also achieved higher recall and
F-measure than GAIN at the confidence level of 95%. LGK
achieved higher F-measure than LK at the confidence level
of 90%, but there was no statistically significant difference
in recall value between LGK and LK.

From Table 2, we also found that the performance for
a class are positively correlated to the number of instances
in the class. Although the three classifiers showed simi-
lar positive correlations between the performance and the
number of instances in each class on recall and F-measure,
they had different patterns for the precision measure. For
classes with a large number of instances, all three classifiers
achieved high precisions (from 70% to 80%). When a class
had fewer instances, LK’s precision dropped faster than the
other two methods. The performance of LGK on precision
was the most stable of the three. Even when a class had
a small number of instances, it still achieved a precision
around 60%-70%.

5. Conclusions and Future Directions

In this research, we proposed a labeled graph kernel that
can capture the structural information of gene interaction
networks and provide effective predictions on gene func-
tions. The experimental results showed that the proposed
method significantly outperformed two baseline methods,
especially for genes with a larger number of interactions or
classes with a smaller number of instances.

In the future, we will extend the current research by in-
corporating other data sources. Furthermore, we will also
extend the proposed approach to a multi-genome context to
predict gene functions across different genomes.
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