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Abstract Protein function prediction is one of the main

challenges in post-genomic era. The availability of large

amounts of high-throughput data provides an alternative

approach to handling this problem from the computational

viewpoint. In this review, we provide a comprehensive

description of the computational methods that are currently

applicable to protein function prediction, especially from

the perspective of machine learning. Machine learning

techniques can generally be classified as supervised

learning, semi-supervised learning and unsupervised

learning. By classifying the existing computational methods

for protein annotation into these three groups, we are able to

present a comprehensive framework on protein annotation

based on machine learning techniques. In addition to

describing recently developed theoretical methodologies,

we also cover representative databases and software tools

that are widely utilized in the prediction of protein function.

Keywords High-throughput data � Machine learning �
Protein function prediction � Semi-supervised learning �
Supervised learning � Unsupervised learning

Introduction

As the number of sequenced genomes rapidly increases, the

understanding and annotation of these genomes—the post-

genomic era—becomes more and more important. To date,

about 25% of the genes of the well-studied yeast Saccha-

romyces cerevisiae remain uncharacterized, and only about

20% of the genes of Homo sapiens have been annotated.

Because it would be time-consuming and expensive to

determine the functions of all proteins empirically, many

computational methods have been developed to tackle this

problem. One example of a straightforward approach is to

identify proteins homologous to the target protein; this

method is based quite simply on the assumption that pro-

teins with similar sequences carry out similar functions.

Given the large numbers of homologous proteins that have

been identified, it is possible to annotate many unknown

proteins for function-related attributes in accordance with

what is known about their homologous counterparts (Cao

et al. 2006; Chen et al. 2006a, b, 2007; Chou and Zhang

1995; Diao et al. 2007, 2008; Ding et al. 2007; Du et al.

2003, 2006; Du and Li 2006; Gao and Wang 2006; Guo

et al. 2006; Guo et al. 2006a, b; Jahandideh et al. 2007;

Kedarisetti et al. 2006; Lin and Li 2007a, b; Mondal et al.

This work was partly supported by the National High Technology

Research and Development Program of China (2006AA02Z309), and

JSPS-NSFC collaboration project.

X.-M. Zhao � L. Chen � K. Aihara

ERATO Aihara Complexity Modelling Project, JST,

Tokyo 151-0064, Japan

X.-M. Zhao � L. Chen

Institute of Systems Biology, Shanghai University,

200444 Shanghai, China

X.-M. Zhao

Intelligent Computing Lab,

Hefei Institute of Intelligent Machines,

Chinese Academy of Sciences,

230031 Hefei, Anhui, China

X.-M. Zhao � L. Chen � K. Aihara (&)

Institute of Industrial Science,

The University of Tokyo, Tokyo 153-8505, Japan

e-mail: aihara@sat.t.u-tokyo.ac.jp

L. Chen

Department of Electrical Engineering and Electronics,

Osaka Sangyo University, Osaka 574-8530, Japan

123

Amino Acids (2008) 35:517–530

DOI 10.1007/s00726-008-0077-y



2006; Nanni and Lumini 2008b; Niu et al. 2006; Sun and

Huang 2006; Tan et al. 2007; Wen et al. 2007; Xiao et al.

2006b; Zhang and Ding 2007; Zhang SW et al. 2006; Zhou

1998; Zhou and Assa-Munt 2001). However, alignment-

based methods may not work well when the sequence

similarity between known proteins and the query protein is

very low, for example, lower than 30% (Emanuelsson et al.

2007; Chou and Shen 2008). Under such circumstances, the

non-sequential model or discrete model (Chou and Shen

2007e) provides a feasible framework for addressing this

problem through the application of various techniques

(Emanuelsson et al. 2007; Huang et al. 2006; Huang and Li

2004; Jaakkola et al. 2000; Leslie et al. 2004; Liao and

Noble 2002; Shi et al. 2007; Vinga and Almeida 2003;

Zhao et al. 2005; Chou and Shen 2006a, b, 2007a, b; Shen

and Chou 2007b, c, g; Shen et al. 2007). The discrete

model has been quite successfully used to predict the

subcellular localization of proteins (Cai and Chou 2003;

Chen and Li 2007a, b; Chou and Shen 2006a, b, 2007a, b,

e; Gao et al. 2005a, b, 2006a; Huang and Li 2004; Li and Li

2008; Mundra et al. 2007; Shen and Chou 2005a, b, 2006,

2007a, b, c, d, e, f, g, h; Shen et al. 2006, 2007; Shi et al.

2007, 2008; Tantoso and Li 2007; Xiao and Chou 2007;

Xiao et al. 2005, 2006a; Zhang S et al. 2007; Zhang SW

et al. 2007; Zhang T et al. 2006; Zhang ZH 2006; Zhou and

Doctor 2003; Zhou et al. 2007a, b), enzyme functional

class (Cai and Chou 2005; Cai et al. 2005; Chou 2005;

Shen and Chou 2007a), membrane protein type (Cai and

Chou 2006; Chou and Cai 2005; Chou and Shen 2007c; Liu

et al. 2005a, b; Pu et al. 2007; Wang et al. 2004) and signal

peptides (Wang et al. 2006; Chou and Shen 2007d; Liu

et al. 2007a, b; Shen and Chou 2007e; Wang et al. 2005).

The information thus obtained has provided useful insights

into the functions of proteins. Most recently, a user-

friendly tool called ‘‘Cell-PLoc’’ (Chou and Shen 2008) has

been developed. Cell-Ploc is a package of web-servers that

can be used for predicting the subcellular localization of

proteins in various organisms. In the Cell-PLoc package,

none of the proteins included have a greater than 25%

sequence identity to any other proteins in the same subset.

This criterium is important for avoiding homology and

redundancy bias and is particularly useful for dealing with

those proteins that do not have significant sequence

homology to any of the character-known proteins. In the

discrete model, the pseudo amino acid (PseAA) composi-

tion approach (Chou 2001, 2005) has been widely

employed to predict various attributes of proteins based on

their sequences (Chou and Cai 2005; Cai and Chou 2006;

Chen et al. 2006a, b; Du and Li 2006; Gao et al. 2005b;

Kurgan et al. 2007; Li and Li 2008; Lin and Li 2007a, b;

Mondal et al. 2006; Mundra et al. 2007; Pu et al. 2007;

Shen and Chou 2006, 2007f; Shen et al. 2006, 2007; Shi

et al. 2007, 2008; Wang et al. 2006; Xiao et al. 2005,

2006a; Zhang SW et al. 2006; Zhang T et al. 2006; Zhou

et al. 2007a, b). Structural classes of proteins have also

been identified according to their sequences (Chen et al.

2006c; Liu et al. 2007a, b; Zhou 1998; Zhou and Assa-

Munt 2001) under the assumption that proteins with similar

structures are mostly likely to have similar functions

(Bandyopadhyay et al. 2006; Hou et al. 2005).

The recent advances made in high-throughput biotech-

nologies, such as yeast two-hybrid systems (Chien et al.

1991), protein complex (Gavin et al. 2002; Ho et al. 2002)

and microarray expression profiles (Eisen et al. 1998), have

resulted in the generation of an extremely large amount of

biological data. These data represent rich sources of

information for deducing and understanding protein func-

tions. Accordingly, many computational methods have

been developed for protein function prediction based on

these high-throughput data. For example, starting with the

assumption that interacting proteins have similar function,

researchers are using protein–protein interaction (PPI) data

for protein annotation (Chou and Cai 2006; Fang et al.

2008; Nanni and Lumini 2008a; Pugalenthi et al. 2007;

Zhang S et al. 2007; Zhang SW et al. 2007); similarly, gene

expression profiles are used with the assumption that genes

with similar expression profiles usually carry out similar

functions, and so on. Table 1 lists the most popular dat-

abases reported in the literature in terms of their use in

protein annotation; these include PPI, microarray and

functional annotation databases.

In this review, we provide a survey of the main com-

putational methods used for protein function prediction

with high-throughput data, especially from the perspective

of machine learning. The machine learning methods for

protein function prediction are classified into three groups:

supervised methods that utilize known annotations to

construct a model from training data and predict the

functions of unknown proteins; unsupervised methods that

group proteins with similar functions together; semi-

supervised methods that have only a small number of

annotations and a large amount of un-annotated data.

Figure 1 is a schematic illustration of the three kinds of

methods that are used in protein annotation. Note that the

aim of this review is to summarize recent developments on

protein annotation; as such, it is by no means compre-

hensive due to the rapid evolvement of the filed.

Supervised methods

Supervised learning is a machine learning technique that

constructs a model from training data, where the training

data consist of pairs of input objects and desired outputs.

The output of the model can be a continuous value (i.e.,

regression), or a class label of the input object (i.e.,

518 Amino Acids (2008) 35:517–530

123



classification). In the supervised learning methods, the

prediction of protein function is usually regarded as a

classification problem, where a set of features are collected

for each protein, and the learning algorithm is utilized to

infer the association rule between the features and the

biological functions. The methods described below differ

in terms of the data and the learning algorithms that are

used for protein annotation. Table 2 lists the most popular

supervised methods that have been proposed for protein

annotation.

Gene expression data

Gene expression data is generally organized as a matrix,

where each gene is denoted by a vector (row) and each

condition by an attribute (column). The functions of a

number of the genes are usually known in advance, and

these act as the class labels for the corresponding vectors

representing genes. The remaining genes remain unlabeled,

and the learning algorithm is utilized to assign a label to

them.

Brown et al. (2000) applied support vector machines

(SVMs) to predict the functions of yeast genes based on

gene expression data. Subsequent numerical experiments

demonstrated the promising effectiveness of SVMs in

protein function prediction. Mateos et al. (2002) utilized

multilayer perceptrons (MLP) (Huang 1996) to predict

protein functions of the yeast genome into 96 function
Fig. 1 Schematic illustration of the machine learning methods in

protein annotation

Table 1 Popular biological databases for protein annotation

Database Description

Protein–protein interaction

HPRD A (manually) curated database of human protein information http://www.hprd.org

IntAct Manually curated molecular interaction data from literature http://www.ebi.ac.uk/intact/site/index.jsf

MINT Experimentally verified protein interactions from the literature http://mint.bio.uniroma2.it/mint/Welcome.do

MPPI A collection of manually curated high-quality PPI data collected from literature http://mips.gsf.de/proj/ppi

BioGRID A database of protein and genetic interactions http://www.thebiogrid.org

STRING A database of known and predicted protein–protein interactions http://string.embl.de

DIP A collection of experimentally determined protein interactions http://dip.doe-mbi.ucla.edu/dip/Main.cgi

Microarray

GEO A gene expression/molecular abundance repository http://www.ncbi.nlm.nih.gov/geo

SMD Stores raw and normalized data from microarray experiments, and provides data retrieval,

analysis and visualization http://genome-www5.stanford.edu

ArrayExpress A public repository for transcriptomics and related data http://www.ebi.ac.uk/arrayexpress

caArray A MIAME compliant data repository http://caarraydb.nci.nih.gov/caarray

Annotation

GO A controlled vocabulary to describe gene and gene product attributes http://www.geneontology.org/

COG Clusters of Orthologous Groups (COG) http://www.ncbi.nlm.nih.gov/COG/index.html

Enzyme Enzyme Commission http://www.chem.qmul.ac.uk/iubmb/enzyme

EGAD Expressed Gene Anatomy Database http://www.tigr.org/tdb/egad/egad.shtml

EGP E. coli Genome Proteome http://genprotec.mbl.edu/

HAMAP High-quality automated and manual annotation of microbial Proteomes http://www.expasy.org/sprot/hamap/

Uniprot The most comprehensive catalog of information on proteins http://www.ebi.uniprot.org/index.shtml

Funcat An annotation scheme for the functional description of proteins from prokaryotes, unicellular eukaryotes,

plants and animals http://mips.gsf.de/projects/funcat

TIGRFAMs Protein families based on Hidden Markov Models http://www.tigr.org/TIGRFAMs/
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classes. By analyzing the performance of the MLP

classifier, the authors showed that the performance of the

classifier is affected not only by the learning technique

but also by the nature of the data. Ng and Tan (2003)

subsequently combined multiple datasets for learning

with SVMs and presented a strategy for selecting the

most informative datasets for learning individual classes.

More recently, Pandey and Kumar (2007) presented a

modified k-nearest neighbor learning algorithm for pro-

tein annotation based on gene expression data, where the

similarity between functional classes is taken into

account. The results demonstrate that the incorporation

of inter-relationships between functional classes sub-

stantially improves the performance of function

prediction algorithms. It is worth mentioning that the

inter-relationship among functional classes has also been

taken into account recently by several researchers (Bar-

utcuoglu et al. 2006; Lee et al. 2006), who also report

that the biological functions are not independent of each

other.

Protein–protein interaction

The rational behind all of the computation methods based

on PPIs is that proteins close to each other in the PPI

network have a high probability of possessing similar

functions. Deng et al. (2003) developed a Markov random

field (MRF) model for protein function prediction based on

PPIs. In the MRF model, each protein Pi is assigned a

variable XI, where XI = 1 if the protein has that function

and XI = 0 otherwise. The conditional probability on the

functional labeling is proportional to exp(-U(x)), where xI

is the value of XI, and

UðxÞ ¼ �aN1 � b1N10 � c1N11 � jN00 ð1Þ

where a ¼ log p
1�p

� �
and p is the prior probability of a

protein having the function, and Nll0 is the number of (l,l0)
interacting pairs in the PPI network. The parameters a and

b1 of the model are estimated using a pseudo-likelihood

method based on the proteins whose function is known.

The probability distribution of the function of unknown

proteins is then estimated by Gibbs sampling. Letovsky and

Kasif (2003) also proposed a MRF model for protein

annotation where it is assumed that the number of neigh-

bors of a protein that are annotated with a given function is

binomially distributed and the distribution’s parameter

depends on whether the protein has that function. The

loopy belief propagation (Murphy et al. 1999) is employed

to perform inference in their model.

In the methods described above, a protein’s functions

are predicted based on PPI data and the functional anno-

tations of its interaction partners, where only direct

interactions are considered and the functions are consid-

ered to be independent. Lee et al. (2006) recently

developed a new kernel logistic regression (KLR) method

for protein function prediction based on diffusion kernels.

In the KLR method, the authors incorporated the correla-

tion among biological functions into their model by

identifying a set of functions that are highly correlated with

the function of interest using the v2 test. The prediction

accuracy is comparable to another protein function classi-

fier based on the SVMs with a diffusion kernel.

Table 2 A summary of supervised learning methods for protein annotation

Supervised learning methods References Software (if available)

Gene expression profiles

Support vector machines Brown et al. (2000) Genex http://www.soe.ucsc.edu/research/compbio/genex/

Ng and Tan (2003)

Multilayer perceptions Mateos et al. (2002)

k-nearest neighbor Pandey and Kumar (2007)

Protein–protein interaction

Markov random field model Deng et al. (2003)

Markov random field model Letovsky and Kasif (2003) Netmark http://genomics10.bu.edu/netmark/

Kernel logistic regression Lee et al. (2006) KLR http://msms.usc.edu/hyunjul/klr/klr.html

Data integration

Bayesian network Troyanskaya et al. (2003)

Chen and Xu (2004) Genefas http://digbio.missouri.edu/genefas/

Support vector machines Lanckriet et al. (2004)

Barutcuoglu et al. (2006)

Zhao et al. (2007)

Tsuda et al. (2005)
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Integration of different kinds of data sources

Although various kinds of high-throughput data can pro-

vide important information on protein functions, many

high-throughput data are notorious for the noise in the data

and the specificity for scale. The integration of different

types of biological data for utilization in protein function

prediction is becoming a popular trend and is expected to

improve prediction accuracy. There are many ways to

combine different kinds of data sources for protein anno-

tation, and these approaches can be classified into two

groups: kernel methods and Bayesian network.

Troyanskaya et al. (2003) developed a MAGIC (multi-

source association of genes by integration of clusters)

system in which the Bayesian network is employed to

integrate different types of high-throughput biological data.

The inputs to the system consist of gene–gene relationship

matrices established on different high-throughput data. The

numerical results demonstrate that MAGIC improves pre-

diction accuracy compared with microarray analysis alone.

Chen and Xu (2004) also developed a Bayesian model to

integrate different kinds of data sources, including PPI,

microarray data, and protein complex data. In their meth-

ods, two prediction models are presented: local prediction

and global prediction. In the local prediction model, the

probability of protein x having function F is defined as:

GðF; xÞ ¼ 1�
Ym

i

ð1� PðSjDIÞÞ ð2Þ

where m is the total number of high-throughput data

sources, and P(S|DI) is the probability that two genes have

the same function given data DI, which is defined as:

PðSjDIÞ ¼ 1�
Yn

j¼1

ð1� PjðSjDIÞÞ ð3Þ

where n is the total number of interaction partners given DI,

and Pj(S|DI) is the probability that interacting pair j have

the same function. In the local prediction method, only

immediate interaction partners are considered, which may

lead to local optimal solutions. Therefore, a global pre-

diction model is presented by utilizing the Boltzmann

machine to characterize the global stochastic behavior of

the network. The authors show that the global model out-

performs other existing methods.

Lanchriet et al. (2004) developed a kernel method for

data fusion. They first constructed a kernel matrix KI for

each data source I and then combined all the kernel

matrices in a linear form:

K ¼
Xm

I¼1

lIKI ð4Þ

where m is the total number of kernel matrices. The coef-

ficients lI are estimated using a semidefinite program

(SDP). The authors show that the kernel fusion method

outperforms the MRF method (Deng et al. 2003). Zhao et al.

(2007) recently constructed a functional linkage graph from

different types of data with the shortest path distance as the

similarity measure and then employed SVMs to annotate

proteins. Tsuda et al. (2005) proposed a kernel method by

combining multiple protein networks, where the combina-

tion weights are obtained by convex optimization.

Barutcuoglu et al. (2006) recently provided another

approach for integrating different types of data for protein

function prediction. They combined different types of data

into one vector by concatenating all feature vectors for one

gene. Using all available data, they trained a SVMs clas-

sifier for each functional class. They also constructed a

Bayesian net to combine the outputs of the classifiers

taking the functional taxonomy into consideration.

Semi-supervised methods

In general, only a small number of proteins have actually

been annotated for a certain function. Therefore, it is dif-

ficult to obtain sufficient training data for the supervised

learning algorithms. Under such circumstances, semi-

supervised learning methods provide an alternative

approach to protein annotation. Table 3 lists the most

popular semi-supervised methods for protein annotation.

Neighborhood

In semi-supervised methods, the most straightforward

method for annotating an unknown protein is to determine

its function by investigating the functions of its immediate

partners in the PPI network. Schwikowski et al. (2000)

annotated the unknown protein with the most commonly

occurring functions of its interaction partners; in the liter-

ature, this approach is called the Majority rule method. The

main problem of this approach is that only immediate

partners are considered, and the whole topology of the

network is not taken into account. To handle this problem,

Hishigaki et al. (2001) defined the neighborhood of a

protein with a radius of n. For an unknown protein, the

functional enrichment in its n-neighborhood is investigated

with v2 test, and the top ranking functions are assigned to

the unknown proteins. This approach alleviates the con-

straints of the Majority rule method to some extent.

In another approach, not only the neighborhood of the

protein of interest is considered but also the shared neigh-

borhood of a pair of proteins. Chua et al. (2006) defined the

functional similarity between a pair of proteins by taking

both the direct and indirect neighbors of the protein pair into

account. They also proposed a new method for integrating

different kinds of data for protein annotation and showed
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promising results (Chua et al. 2007). Kirac et al. (2006)

recently presented a model that considers the annotations in

the paths leading to the target protein in the PPI network.

This model is implemented using the probabilistic suffix

tree data structure, and the results have been better than

other neighborhood-based methods. To overcome the

incompleteness and false positives of existing PPI net-

works, Pandey et al. (2007) presented a new method to

transform the original interaction network into a new net-

work with the spurious edges removed and biologically

valid ones added. This reconstructed protein interaction

network signicantly improved the performance of standard

function prediction algorithms.

Global optimization

Despite the simplicity and effectiveness of the neighbor-

hood methods, they do not take the topology of the whole

interaction network into account. Furthermore, the neigh-

borhood methods will not work if there are no annotations

for all of the neighbors of the target protein.

Vazquez et al. (2003) proposed a new global method to

annotate a protein which takes the topology of the whole

network into consideration. A function is assigned to an

unknown protein so that the number of the same annota-

tions associating with its neighbors is maximized by

minimizing the score function:

E ¼ �
X

i;j

JijdðrI ; rjÞ �
X

i

hIðrIÞ ð5Þ

where Jij is the element of the adjacency matrix of the

interaction network, d(i,j) is the discrete d function, and

hI(rI) is the number of partners of protein I annotated with

function rI. The simulated annealing is employed to mini-

mize the score function above. Karaoz et al. (2004)

subsequently developed a similar method by assigning a

state Su [ {0,1} to an unknown protein u so as to maximize

the score function
P

ðu;vÞ2E

SuSv;where u and v are nodes in the

PPI network, and (u,v) [ E signifies that there is an inter-

action between protein u and protein v. The optimization

problem is handled by employing a discrete Hopfield net-

work, where only one function is considered each time.

Another method recently proposed by Nabieva et al.

(2005) also formulates the annotation problem as global

optimization problem, where a unique function is assigned

to an unknown protein so as to minimize the cost of edges

connecting proteins with different assignments. More spe-

cifically, these authors formulated the optimization

problem as an integer linear program (ILP) model. In the

ILP model, each protein annotated with the target function

in the PPI network is regarded as the source of functional

flow. By simulating the spread of this functional flow

through the network, each unknown protein obtains a score

for having the function based on the amount of flow it

received.

Discriminative method

The semi-supervised methods described above are actually

generative models that construct a model with only positive

samples, i.e., annotated proteins. In general, those proteins

outside of the target functional class are seen as negative

samples, whereas the proteins in the functional class are

positive samples. However, this setting may be not valid

because each protein is usually annotated with multiple

functions. Although some proteins are not yet annotated

with the target function, they still may actually have that

function. Furthermore, the imbalanced problem will arise if

all the proteins outside of the functional class are seen as

negative samples, which will degrade the performance of

the classifier (Zhao et al. 2008b).

Table 3 A summary of semi-supervised learning methods for protein function prediction

Semi-supervised learning methods References Software (if available)

Neighborhood

Majority rule Schwikowski et al. (2000)

Chua et al. (2006)

v2 test Hishigaki et al. (2001)

Probabilistic suffix tree Kirac et al. (2006)

Association analysis Pandey et al. (2007)

Global optimization

Simulated annealing Vazquez et al. (2003)

Hopfield network Karaoz et al. (2004)

Integer linear program Nabieva et al. (2005)

Discriminative method

Support vector machines Zhao et al. (2008a)

Random forest Huang et al. (2007) ContextAnnotation http://zhoulab.usc.edu/ContextAnnotation

522 Amino Acids (2008) 35:517–530
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Zhao et al. (2008a) proposed a new algorithm to define

the negative samples in protein function prediction. In

detail, the one-class SVMs and two-class SVMs are used as

the core learning algorithm in order to identify the repre-

sentative negative samples so that the positive samples

hidden in the unlabeled data can be recovered. The

experiments demonstrate that with the negative samples

generated, the performance of prediction methods is

improved compared with other methods defining negative

samples (Carter et al. 2001).

Huang et al. (2007) recently described a data mining

technique with the aim of identifying the frequent itemsets

in the gene network by integrating 65 human microarray

datasets. The authors then utilized the random forest clas-

sifier to predict the functions of proteins by considering the

network topology score, recurrence, density, size, average

node degree, percentage of unknown genes, and functional

enrichment of network modules.

Unsupervised methods

The supervised and semi-supervised learning methods

annotate proteins utilizing prior information on the anno-

tated proteins. However, in some cases, no such information

is available. The unsupervised learning methods provide a

means to approach the problem in this case. Unsupervised

learning refers to learning algorithms that do not utilize any

prior information about the class label. Clustering is a

popular unsupervised learning algorithm that has been

widely used in the prediction of protein function. In clus-

tering, the first step is to detect the module (or complex) in

which the unknown protein is located; the second step is to

transfer the functions—to a greater of lesser extent—of

known proteins in the same module to the unknown protein.

The unsupervised methods described herein differ in the

data used and the definition of the cluster. Table 4 lists the

most popular unsupervised methods that have been used for

protein annotation.

Clustering based on network topology

Bader and Hogue (2003) proposed the molecular complex

detection algorithm (MCODE) to predict complexes in the

PPI network. In MCODE, the vertices of the PPI network are

weighted first, and the tense interconnected modules are

then detected. Spirin and Mirny (2003) presented two

algorithms for extracting the complexes and functional

modules in the PPI network: the first is based on the

superparamagnetic clustering (SPC) (Blatt et al. 1996), and

Table 4 A summary of unsupervised learning methods for protein function prediction

Unsupervised learning methods References Software (if available)

Clustering based on network topology

MCODE Bader and Hogue (2003) MCODE http://cbio.mskcc.org/bader/software/mcode/

Superparamagnetic clustering Spirin and Mirny (2003)

Markov clustering Pereira-Leal et al. (2004) MCL http://micans.org/mcl/

Krogan et al. (2006)

HCS Przulj et al. (2004)

RNSC King et al. (2004)

Edge-betweenness clustering Dunn et al. (2005)

Similarity-based clustering

k-means like clustering Samanta and Liang (2003)

Hierarchical clustering Rives and Galitski (2003)

Arnau et al. (2005)

The shortest path Zhou et al. (2002)

Hierarchical clustering Brun et al. (2003) PRODISTIN http://crfb.univ-mrs.fr/webdistin/

Data integration

Hierarchical clustering Hanisch et al. (2002)

Probabilistic graph model Segal et al. (2003)

Superparamagnetic clustering Tornow and Mewes (2003)

Biclustering Tanay et al. (2004) SAMBA http://acgt.cs.tau.ac.il/samba/

Gene annotation using integrated networks Massjouni et al. (2006) Virgo http://whipple.cs.vt.edu:8080/virgo

Hidden modular random field model Shiga et al. (2007)

MCODE, Molecular complex detection algorithm; HCS, highly connected subgraphs algorithm; RNSC, restricted neighborhood search clus-

tering algorithm
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the second is a Monte Carlo algorithm that aims to maximize

the density of the predicted clusters. The SPC algorithm has

been shown to be able to detect the sparsely connected

functional modules, such as the MAPK signaling cascade.

Pereira-Leal et al. (2004) applied the Markov clustering

(MCL) (Enright et al. 2002) algorithm to predict complexes

in the PPI network. These authors showed that the pathways

can be inferred from the hierarchical network of modular

interactions. Krogan et al. (2006) subsequently also applied

the MCL algorithm to find complexes in the PPI network,

where the strength of PPI is estimated in advance.

Przulj et al. (2004) presented the highly connected

subgraphs (HCS) algorithm (Hartuv and Shamir 2000) for

detecting complexes in the PPI network. King et al. (2004)

proposed the restricted neighborhood search clustering

(RNSC) algorithm for partitioning the PPI network into

clusters based on a cost function that is used to evaluate the

partitioning. These authors showed that the RNSC algo-

rithm outperforms the MCODE algorithm. Dunn et al.

(2005) subsequently utilized the edge-betweenness clus-

tering to predict complexes in PPI network.

The algorithms described above predict complexes in

the PPI network based on the topology structure of the

network. A recent study by Brohee and van Helden (2006)

compared four different clustering methods—RNSC, SPC,

MCODE, and MCL—for their usefulness in predicting

complexes in the PPI network. Using a set of known

complexes in the PPI network, these authors compared the

performance of the four methods in detecting complexes in

perturbed PPI networks. Their results indicated that the

MCL algorithm is more robust than the other three

algorithms.

Similarity-based clustering

Instead of using the topology of the molecular network to

predict the complexes, several authors have defined the

similarity between a pair of proteins and applied the stan-

dard clustering algorithms to predict complexes. In this

approach, the similarity between a pair of proteins can be

defined utilizing their direct neighbors or neighborhood.

Samanta and Liang (2003) defined the similarity

between a pair of proteins (A,B) with a P value, which is

defined as:

PðN;NA;NB;mÞ ¼

N

m

 !
N � m

NA � m

 !
N � NB

NB � m

 !

N

NA

 !
N

NB

 ! ð6Þ

where N is the total number of proteins in the PPI network,

NA and NB are respectively the number of interaction

partners of A and B, and m is the number of proteins in

common between NA and NB. After obtaining the similarity

metric, the PPI network is partitioned into different groups,

where each group is seen as a complex.

Rives and Galitski (2003) investigated the organization

of complexes in the PPI network with the shortest path

distance as the similarity between a pair of proteins.

Similarly, Zhou et al. (2002) defined the similarity measure

as the shortest path distance between a pair of genes based

on gene expression data. Arnau et al. (2005) subsequently

used the shortest path length among proteins as a similarity

measure for hierarchical clustering. Brun et al. (2003)

defined the similarity measure between a protein pair with

Czekanovski–Dice distance and utilized the hierarchical

clustering to predict complexes.

Integration of various kinds of data sources

The clustering methods described above predict protein

functions with single data source, i.e., PPI or gene

expression data. Despite the usefulness of PPI and gene

expression profiles, the integration of different data sources

may improve the prediction accuracy and reliability.

Hanisch et al. (2002) constructed a distance function by

combining information from gene expression data and

biological networks. Based on the distance function, it is

then possible to perform a joint clustering of genes and

vertices of the network. Segal et al. (2003) described a

probabilistic model that is derived from the data using the

expectation maximization (EM) algorithm to detect path-

ways based on gene expression and protein interaction

data. Tornow and Mewes (2003) calculated the correlation

strength of a group of genes by considering the probability

of these genes belonging to the same module in a different

network. The rational behind the method is that in any

given group of genes, there is a high probability that those

with a significant correlation strength in different networks

carry out the same function.

Tanay et al. (2004) presented an integrative framework

SAMBA (statistical-algorithmic method for bicluster anal-

ysis) for various kinds of data, including protein interaction,

gene expression, phenotypic sensitivity, and transcription

factor (TF) binding. These authors proved the effectiveness

of SAMBA by predicting the functions of more than 800

uncharacterized genes. Massjouni et al. (2006) subse-

quently constructed a functional linkage network (FLN)

from gene expression and molecular interaction data and

propagated the functional labels across the FLN in order to

precisely predict the functions of unlabeled genes. More

recently, Shiga et al. (2007) proposed a hidden modular

random field model for protein annotation by combining

gene expression data and gene network.
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Conclusions and perspectives

The prediction of protein function by computational means

has become an active field in computational and systems

biology in recent years. Despite the large number of

computational methods that have been developed, how-

ever, it is still a difficult task to annotate proteins with

precision using high-throughput data. In this section, we

briefly address the obstacles and possible solutions for

protein annotation with respect to computational methods

and data, respectively.

A large number of machine learning algorithms are

currently available; however, only a small number of these

have been applied to protein function prediction. Among

the supervised learning algorithms, SVMs are particularly

popular due to their good performance and strong statistical

background. However, other popular supervised learning

algorithms, such as the Radial basis function neural net-

work (Huang 1999) and decision tree (Quinlan 1993), have

not yet been applied to this field. Among the unsupervised

learning algorithms, hierarchical clustering is preferred by

computational biologists due to its simplicity and good

performance. One of the possible reasons for the absence of

other learning algorithms in protein annotation is the

scarcity of corresponding software, whereas SVMs have

many free versions of software available online. Therefore,

it is necessary for scientists in the machine learning field to

make their algorithms freely accessible to biologists.

Although there is a large number of computation

methods for protein annotation, it is difficult for new-

comers to the field to determine which method should be

used to predict the functions of unknown proteins. There-

fore, a systematic comparison of different methods is

needed. A comparison of prediction methods with the gold

standard dataset, such as gene ontology (GO) (Ashburner

et al. 2000) and MIPS Funcat (Ruepp et al. 2004), may

provide insights or advice to the newcomer that will

facilitate the choice of methods to be used. For example, it

has been shown (Sharan et al. 2007) that a semi-supervised

method, i.e., Majority rule (Schwikowski et al. 2000),

generally performs better than an unsupervised method,

i.e., MCODE (Bader and Hogue 2003). However, choosing

an appropriate method involves many factors, and the

choice should be made with care. In general, the supervised

methods perform best if there are sufficient training data

available. Otherwise, it is better to try the semi-supervised

methods first if there is at least a small number of proteins

that have been annotated for a certain function. The

unsupervised methods are generally regarded as the final

choice. On the other hand, different prediction methods

have been proposed for different data and functional

schemas. For example, some methods perform well in one

case but badly in another. One possible solution is to

construct meta-servers by combining a set of best-per-

forming prediction methods.

Given the abundance of different methods proposed in

literatures, a comprehensive comparison of these different

methods is necessary. In statistical prediction, the inde-

pendent dataset test, sub-sampling test, and jackknife (or

leave-one-out) test are the three cross-validation tests

widely employed to examine the accuracy of a predictor

(Chou and Zhang 1995). For the independent dataset test,

as pointed out in Chou and Shen (2008), although none of

the proteins to be tested occurs in the training dataset, the

selection of proteins for the testing dataset could be quite

arbitrary unless the latter is sufficiently large. This kind of

arbitrariness may directly affect the final conclusion. In the

sub-sampling test, the training data are classified into

several subsets, where one subset is used as testing set

while the remainder make up the training set. The problem

with cross-validation (such as fivefold and tenfold cross-

validation) is that the number of possible selections in

dividing a dataset is an astronomical figure even for a very

simple dataset (see Eq. 50 of Chou and Shen 2007e).

Therefore, any practical result by the cross-validation test

alone represents only one of many possible results and,

consequently, cannot mitigate the arbitrariness. In contrast,

the jackknife test can always yield a unique result for a

given benchmark dataset. Therefore, the jackknife cross-

validation is the most objective and is being widely applied

by more and more investigators to test the quality of var-

ious predictors.

At the present time, most of the existing computation

methods consider only one function each time. In other

words, the biological functions are treated independently.

As recently pointed out by several researchers (Barutcuo-

glu et al. 2006; Lee et al. 2006; Pandey and Kumar 2007),

biological functions are not independent of each other, and

the incorporation of correlations among functions can

significantly improve the performance of the prediction

methods. Therefore, the correlation among functions

should be taken into account by methods developed in the

future.

As a general rule, most of the prediction methods

described here focus on single data sources, for example,

PPI or gene expression data. However, PPI data are noto-

rious for false positives and incompleteness. One possible

solution is to reconstruct the PPI network by removing

spurious edges and adding biologically valid ones, as

described in Pandey et al. (2007). On the other hand, the

correlation coefficients among genes are generally used as

the similarity measures for proteins pairs, where genes

having high correlations are assumed to have similar

functions. The problem with this assumption is that the

correlation coefficients cannot capture the functional link-

ages among proteins in some cases. For example, the
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correlations among all protein are very high or very low.

One possible solution is to utilize the higher order statistics

to capture the functional linkages, as suggested in Zhou

et al. (2005).

Although the integration of different kinds of data has

been used for protein annotation and shown promising

results, the diverse kinds of data sources should be com-

bined carefully. Which kinds of data should be combined?

Does integration of all kinds of data really improve pre-

diction accuracy? As mentioned in Myers and Troyanskaya

(2007), each dataset has its own specific structure. In some

cases, combining different kinds of data adds noise to

existing data and degrades the performance of the predic-

tion method. Therefore, the nature of the data should be

taken into account while developing new prediction

methods. That said, new effective data fusion methods are

needed in the future for protein annotation.

Despite the limitations of the existing computational

methods and the noise lying in the high-throughput data,

protein annotation based on high-throughput data is a

promising and active research field. With the rapid

advances in biotechnology, more biological data of high

quality and reliability will be expected. Accordingly, the

prediction accuracy of function prediction methods will be

improved. Although many computational methods have

been developed, there is still much room for improvement.

The scientists in machine learning field are expected to

develop more accurate prediction methods and make them

easily accessible to biologists.
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