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Abstract—Protein 3D structure is one of the key factors in
recognizing gene functions. The availability of protein
structure data in Protein Data Bank (PDB) enables us to
conduct gene function analysis. However, the molecules in
the PDB, whose structures have been determined, are
always not corresponding to a unique gene. That is to say,
the mapping from gene to PDB is not one-to-one. Thus this
uncertain property complicates the analysis and increases
the difficulty of gene function analysis. In this paper, we
attempt to tackle this challenging issue and we study the
problem of predicting gene function from protein structures
based on the gene-PDB mapping. We first obtain the genePDB mapping, which is important in representing a gene by
the structure set of all its corresponding PDB molecules. We
then define a new gene-gene similarity measurement based
on the structure similarity between PDB molecules. We
further show that this new measurement matches with gene
functional similarity nicely. This means that the
measurement we introduced here can be useful for gene
function prediction. Numerical examples are given to
demonstrate our claim.
Index Terms—Classifiction, Gene
Structures, Prediction, Similarity

Functions,

Protein

I. INTRODUCTION
Genes and proteins both play important role in a lot of
biological processes and functions in a cell and living
organisms. Therefore functional annotation of genes is a
fundamental problem in the post-genomic era. However,
even for yeast, one of the most well-studied organisms,
still there are about one-fourth of all genes remain
uncharacterized according to SGD (Saccharomyces
Genome Database) [18]. This indicates that gene
annotation is a challenging problem. Various types of
data have been used for predicting gene functions in the
literature. These include gene sequences, gene
expressions, protein sequences, protein structure, proteinprotein interactions and phylogenetic profiles, see for
instance [13], [14], [16] and the references therein.
Although gene sequences and microarray expressions are
useful information which can be measured for any gene, a
Copyright © 2011 MECS

problem is that each of these two information sources has
its own flaws. Sequence similarity is, in most cases,
correlated to functional similarity, but there exist
exceptions. In fact it has been reported that even highly
aligned sequences have totally different functions in some
cases [17]. Microarray expressions have problems in their
data quality, e.g. bad probes can be contained and
elements in an expression matrix can be corrupted [21].
Even though there are statistical methods for the
estimation of such missing data [9], still one cannot avoid
the statistical errors.
Protein 3D structure can represent a protein more
precisely than the protein sequence. Thus it can reflect
more information about the functions of the captured
protein. In this paper we address the issue of predicting
gene functions based solely on the protein 3D structures.
PDB is a central repository for all 3D structure for
molecules including DNA, protein and other
macromolecules. It is well known that very often proteins
transcripted from a gene are not unique, and a protein
may also be transcripted from more than one gene. This
kind of multiple-to-multiple mapping makes the gene
function analysis complicated and challenging. Here we
represent each gene by the set of the structures of its
related proteins, and we then define a similarity
measurement for genes by comparing their representing
sets. We note that genes can be considered as nodes in a
weighted graph, where the weightings of the edges are
the similarity scores. By making use of this mathematical
framework, gene functions can be predicted based on this
gene network.
Furthermore if we fix the set of gene functions
beforehand, the problem can be a multi-class
classification problem, and in fact classification
techniques such as Support Vector Machine (SVM) have
been already applied to gene annotation [7] though the
data is not confined to protein structure. We note that this
type of data transformation has a major problem:
significant information might be lost, being easily
implied by the fact that we cannot reproduce the original
data from the transformed data. Conducting clustering
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analysis in a network usually results in a minimization
problem whose objective is a dissimilarity cost function
[12]. Similarly clustering over associations, i.e., a gene
network, can be an optimization problem that minimizes
criterion like normalized cut over a network [19].
Here we propose two classification methods for the
captured problem. In the first method, we classify a pair
of genes into the same class if their structural similarity is
more than a certain threshold predetermined. After we
compare all the pairs of genes with the threshold, all the
genes will then be well classified into their classes. The
advantage of this method is that, one can still conduct the
classification without defining the number of classes
beforehand. In the second method, we propose to apply
spectral clustering method to the genetic network
obtained. We emphasize that spectral clustering is a highlighted approach in the current machine learning
literature as well as a de facto standard approach in
modern graph partitioning. Furthermore, for the
clustering criterion to be optimized, our method focuses
on the idea of network modularity [10], [11], [15]. This is
a well-recognized, important network property as well as
small-world phenomena [22], scale-free property [6] and
self-similarity [20], which are all common to a lot of
modern network-shaped data such as world wide web and
various biological networks. In this aspect, our proposed
method is a computationally original as well as a
powerful approach for the captured gene annotation
problem.
The remainder of this paper is structured as follows. In
Section 2, we present our proposed methods and our data
source. Numerical experiments are then given in Section
3 to illustrate the effectiveness of our methods. Finally
concluding remarks are given in the last section to
address further research issues.
II. THE METHODOLOGY
In this section, we introduce the data sources and our
proposed method. The method we proposed here for gene
annotation has four steps.
i.
Based on the gene-PDB mapping, we try to
represent each gene by the set of 3D structures of
all its related proteins in PDB database.
ii. We then define the gene-gene similarity based on
the similarity between protein sets, and represent
the genes as a weighted graph.
iii. We classify the training genes by two different
classification methods.
iv. Finally we classify each of the test genes into
one of the classes and see if the test gene has the
same function or a high functional similarity with
the genes which are classified to the same class.
A. Data Sources
We adopt the PDB structure similarity taken from
DALI.http://www.ebi.ac.uk/. There are 10088 PDB IDs
available. The structural similarities of these PDB IDs are
given by a matrix with the size of 10088 by 10088, and
entries ranges from 0 to 80. To collect the corresponding
PDB IDs for the human genes, we search the information
Copyright © 2011 MECS

about Gene IDs and their corresponding PDB IDs from
the
data
base
downloaded
from
uniprot
(www.uniprot.org). After data processing, we finally get
578 human genes and 684 PDB IDs related to human
genes. Since many PDB IDs are not related to the above
578 human genes, we delete those IDs from our data set.
The similarity matrix of PDB structure is then reduced to
the size of 684 by 684. We remark that, the similarity
matrix of PDB structure is not symmetric. To facilitate
the study of structure similarity of human genes, we need
to make this matrix a symmetric matrix by the following
transformation: ( A + AT ) / 2 .
The Gene Ontology (GO) consists of controlled
vocabularies describing three aspects of gene product
functions:
i.
molecular function;
ii. biological process; and
iii. cellular component
Each of these three aspects is called an ontology and
represented by a directed acyclic graph (DAG) where
each GO term is attached to a node in the graph. The root
(or the starting point) exists in a DAG, and GO terms are
arranged hierarchically from general ones to specific ones
in a DAG. This means that if a gene is assigned to one
term (or a node), then the gene can be assigned to all
ancestors of this term. Thus the number of genes assigned
to a node is not less than that to any of its children.
Gene
Representation
and
Gene
Similarity
Measurement: Based on the mapping from genes to IDs
in PDB, one can represent each gene gi by the set of ki
related PDBs from pi to pki i , i.e.
1

{

pgi = p1i ,K , pki i

}

The similarity between two genes gi and g j can be
defined as follows:

S s ( gi , g j ) =

max ss ( p, q )

p∈Pgi , q∈Pg j

Where S s ( p, q ) is the structure similarity between
PDB ID p and PDB ID q .
In order to check whether the gene similarity based on
protein structure reflect their functional similarity or not,
we further define a gene functional similarity. Each gene
has several associated GO terms, which is denoted by

{

Fgi = f1i ,K , f lii

}

Here one simple method to define functional similarity
for gi and g j is the following. If Fgi and Fg j have nonempty overlap, i.e. gi and g j share the same functions,
then S αf ( g i , g j ) is set to be 1, otherwise, we set
S αf ( g i , g j ) = 0.

This functional similarity measurement between genes
can’t reflect the similarity when two genes are similar but
not have the same functions. Thus a more sophisticated
definition for functional similarity between genes involve
function distance in the whole Gene Ontology.
I.J. Information Technology and Computer Science, 2011, 2, 53-59
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We define the similarity between GO terms f i and

f j as follows:
s f ( f i , f j ) = exp(

−d ( fi , f j )2
2σ 2

)

where σ is a parameter and d ( f i , f j ) is the length of
the shortest path from f i to f j in the graph of the whole
Gene Ontology. Then the functional similarity between
genes gi and g j can be defined as follows:
S βf ( gi , g j ) =

max

f ∈Fgi , h∈Fg j

s f ( f , h)

where s f ( f , h ) is the similarity between function GO
term f and h .
We will demonstrate in experimental results section
the relationship between the gene functional similarity
and the gene structural similarity.

B. Funcion Prediction
In this section, we propose two classification methods.
The first method is to classify the genes based on their
structural similarity. By defining a threshold, we may
classify a pair of genes into the same class if their
structural similarity is greater than the defined threshold.
After we consider all the pairs of the genes, we can
classify all the genes into a number of classes.
For the second method, we apply spectral clustering to
the structural similarity matrix. But before we apply
spectral clustering, we have to determine the parameter
k beforehand. By analyzing the GO terms in the whole
Gene Ontology, we can estimate a reasonable range for k .
Spectral clustering is a classical method for clustering on
graphs. Suppose a set of data points is given, we then
define the similarity matrix of the data points, as a
measure of their similarity. The idea of spectral clustering
is to make use of the spectrum of the similarity of the
data to perform dimensionality reduction for clustering in
lower dimensions.
To predict gene function, the test data is assigned to
one of the classes by using the above classification
methods. Here we propose 3 different measurements to
evaluate the prediction of gene functions. In the first
measurement, suppose the test gene gt is classified into
the i th class Ci , then the prediction rate for test gene gt
is defined as
{( gt , g j ) S αf ( gt , g j ) = 1, g j ∈ Ci }
rg(1)t =
.
Ci
Then the prediction rate for the testing set T is defined
as follows:
R1

∑
=

(1)
gt ∈T gt

r

T

In this way, a pair of genes is considered to have a
function similarity only if they share the same GO ID.
Copyright © 2011 MECS
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However, this may lead to the inaccuracy of the results.
Even if a pair of genes have different functions but very
similar, they are still considered to have no similarity at
all. Hence we need also to consider some other methods.
In the second measurement, we select the maximum
similarity between the test gene and the training genes as
the prediction rate
rg(2)
= max g j ∈Ci S βf ( g j , g t ) 
t
The prediction rate for the test set T is defined as
∑ gt ∈T rg(2)t .
R2 =
T
In the third measurement, we choose the average
similarity between the test gene and the training genes as
the prediction rate.
S βf ( g j , gt )
∑
gt ∈Ci
(3)

rgt =
Ci
Then the prediction rate for the test set T is defined as
∑ gt ∈T rg(3)t .
R3 =
T
In the next section, we will give the results of these
two classification methods and compare their
performance on function prediction.
III. EXPERIMENTAL RESULTS

A.Relationship between gene functional similarity and
structural similarity
We first obtain the gene-PDB mapping for all human
genes from the database of Uniprot, define for each pair
of genes their structural similarity S s ( gi , g j ) based on
Definition 1. We then collect their associated GO terms
from the database of Gene Ontology. Finally we got 518
human genes which have been annotated to one or more
GO terms. Totally there are 1429 GO terms associated
with these 518 human genes. We then calculate the
functional similarity between GO terms based on the
Definition 2, and further calculate the pairwise functional
similarity S αf and S βf for the 518 human genes.
We define a conditional probability as

{( g , g ) S ( g , g ) = 1} ∩ {( g , g ) S ( g , g ) > t}
P (t ) =
{( g , g ) S ( g , g ) > t}
α

i

j

f

i

j

i

j

s

i

j

α

i

j

s

i

j

Here Pα ( t ) represents the conditional probability of
genes sharing the same functions when their structural
similarity is larger than t . Figure 1 shows how that
Pα ( t ) changes as t increases.
For S βf , we define Pβ ( t ) as

∑ {( ) ( ) } S β ( g , g )
Pβ ( t ) =
{( g , g ) S ( g , g ) > t}
g i , g j S s gi , g j > t

i

j

s

f

i

i

j

j
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Here Pβ ( t ) represents the expectation of the function
similarity of a pair of genes when their structural
similarity is larger than t. Figure 2 shows how Pβ ( t )
changes as t increases.

B. Function Prediction
1) Classification Based on Structural Similarity: In this
subsection, we classify genes based on their structural
similarity matrix. We perform the classification when the
thereshold (H) ranges from 0 to 79. For the 518 available
genes, we choose 90% of the genes as training data, and
the others are test data. We adopt 10-fold validation to get
a more reliable result. We use R1, R2 and R3 to evaluate
the performance of function prediction. The results are
then reported in Figures 3-5.
2) Spectral Clustering: In this section, we apply
spectral clustering to the structural similarity matrix.
Before running the algorithm of spectral clustering, we
need to determine a reasonable range for the parameter k,
which is the number of clusters. Therefore, we begin with
analyzing the 1429 GO terms in the whole Gene
Ontology[23], and obtain an estimation on the number of
classes these GO terms can be classified to. We define ndistance graph Gn for these GO terms in the following
way: each GO term is defined as a node; An edge
between fi and f j is defined in Gn if the shortest path

validation to get a more reliable result. The results are
reported in Figures 6-8.
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Figure 2. Relationship between S βf and S s

than or equal to n. In other words, if the length of shortest
path between fi and f j is less than or equal to n, then
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Figure 1. Relationship between

from fi to f j in the whole Gene Ontology is smaller

these two GO terms are in the same connected component.
Hence the larger the value of n is, the fuzzier relationship
is defined in Gn . We calculate the connected components
in graph Gn , n = 1, 2,...10. When n is 10, the distribution
of the connected components is tending towards stability,
therefore we do not consider the graph when n > 10 .
Table I shows the numbers of GO terms in the first 10
largest connected components ( C1 to C10 ).
From the above table, we found that the first 10 largest
components include 23.6% to 73.1% of all 1429 GO
terms when n ranges from 1 to 10. For the connected
components other than these 10 components, the sizes are
between 1 and 10. Intuitively, when k < 10 , the gene
with GO terms outside these 10 components may be
misclassified. Furthermore, by the graphing results, the
top 100 largest components include 43.1% to 84.5% of all
1429 GO terms when n ranges from 1 to 10. For the
connected components other than these first 100
components, the sizes are not larger than 2. The results
indicate that, most of the GO terms outside the first 100
components are “outliers”. If k > 100 , these “outliers”
may bring serious influence on the clustering results.
Therefore, a reasonable range for k is 10 to 100. Then we
perform spectral clustering when the value of k increases
from 1 to 100, and see which value of k is better. Also,
we choose 90% of the 518 available genes as the training
data, and the others are test data. We use 10-fold cross
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Figure 3. The performance(measured by R2) of function prediction by
the first classification method
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Figure 4. The performance(measured by R3) of function prediction by
the first classification method
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From these figures, we can see the prediction performs
best when k = 11.
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IV. PREDICTION OF GENE FUNCTION
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Figure 5. The performance(measured by R3) of function prediction by
the first classification method
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Figure 6. The performance(measured by R1) of function prediction by
spectral clustering.
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Figure 7. The performance(measured by R2) of function prediction by
spectral clustering.
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From the experimental results, we can see that the
more structural similarity the genes share, the more
functional similarity they have. This would give us an
indication of using defined measurement to predict gene
function.
Function Prediction can be viewed as a classification
problem. Comparing the two different classification
methods we can claim the spectral method is inferior to
the first method. For spectral clustering method, the best
prediction rate under R1, R2 and R3 criterion are 0.3889,
0.8851 and 0.6615 respectively. On the other hand, for
the first classification method, when threshold H is 20,
the prediction rate under R1, R2 and R3 criterion are
0.8523, 0.9289 and 0.8612 respectively, which
outperforms the spectral clustering method. This further
confirms the superiority of the first classification method.
At the end of this section, we look into the details of
the results given by the first classification method and
hence discuss the possibility of more detailed function
prediction. We set threshold H = 10, and apply the first
classification method. The following 8 genes: GOLGA2,
Saps3, GTF2E1, RPS2P46, OA18, CXB3S, CD247 and
SOS1 are classified into the same class (as shown in
Figure 9). In Figure 9, the number next to each edge gives
the structural similarity of the two genes connected by
this edge. Table II gives the GO terms of these 8 genes.
From the table II, we find that “GO:0006468” is the
most “popular” GO term in this class. These results imply
us that, in our future work we can propose some method
for extracting one or more GO terms for each class as the
representative functions (candidates of predicted function)
of each class. Table III reports the most frequent GO
terms in the first ten largest classes obtained by using the
first classification method. We find that, the most
frequent GO terms in Classes 3, 5, 6 and 7 are the same.
One of the possible reasons is due to the limit number of
genes available. We can see this point from Figure 9.
Suppose gene SOS1 is missing, then the left 7 genes will
be classified into two separate classes. This means,
missing one gene is already enough to change the
classification results of the first method. Therefore,
another work of ours in the future is to add more genes to
our gene set and obtain more reliable results. But we also
find that, even one or more genes are missing, the
predicted function similarity will not be changed greatly.
Hence we remark that our method is robust with respect
to missing data.
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V. CONCLUDING REMARKS
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Figure 8. The performance(measured by R3) of function prediction by
spectral clustering.
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In this paper, we study the problem of inferring
functional similarity for human genes from PDBstructural similarity. We develop a new measurement to
describe the structural and functional similarity for genes.
Moreover, we show that high structural similarity usually
correspond to high functional similarity. This implies that
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TABLE III.

FIRST 10 LARGEST CLASSES OBTAINED BY FIRST
CLASSIFICATION METHOD(H = 10)

Class 1

Class 2

Class 3

Figure 9. An 8-gene class obtained by the first classification
method(H=10)

TABLE I.

THE CONNECTED COMPONENTS IN GRAPH

Class 4

Gn
Class 5

G1
G2
G3
G4
G5
G6
G7
G8
G9
G10

C1
117
305
412
470
485
496
498
498
498
498

C2
89
181
238
328
339
343
344
408
408
408

C3
28
41
59
62
63
63
63
47
47
47

TABLE II.
Gene
name
GOLGA2
Saps3
GTF2E1
RPS2P46
OA18

C4
24
30
52
47
47
47
47
21
21
21

C5
23
29
46
21
21
21
21
13
13
13

C6
16
21
21
13
13
13
13
13
13
13

C7
14
18
13
13
13
13
13
12
12
12

C8
9
11
12
12
12
12
12
11
11
11

C9
9
10
12
11
11
11
11
11
11
11

C10
8
9
11
11
11
11
11
10
10
10

GO TERMS OF THE 8 GENES

Class 6

Class 7

Class 8

GO term
GO:0006468 GO:0006941 GO:0048739 GO:0055008
GO:0055003 GO:0007076 GO:0030241 GO:0030240
GO:0045859 GO:0035023 GO:0051592 GO:0045214
GO:0007265 GO:0044419 GO:0007243 GO:0070555
GO:0007172
GO:0008283 GO:0006468 GO:0007275 GO:0046777
GO:0043066 GO:0043433 GO:0031659
GO:0007265 GO:0006468 GO:0007049 GO:0051301
GO:0008284 GO:0006468 GO:0030097 GO:0007169

CXB3S

GO:0016049 GO:0001501 GO:0008543 GO:0000165
GO:0006468 GO:0007259

CD247
SOS1

GO:0016049 GO:0001501 GO:0008543 GO:0006468
GO:0006468 GO:0006941 GO:0048739 GO:0055008
GO:0006468

the structural similarity can be used for prediction of
functional similarity. Using our proposed classification
method and spectral clustering, we can tell from the
prediction results that genes in the same class have high
functional similarity with each other.
However, our classification method cannot determine
the exact GO ID for a gene. In our further research, we
will improve our method in prediction accuracy and to
give a more specific prediction.
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Class 9

Class 10

Class Size
No. of GO terms involved
Most frequent GO term

13 genes
2
GO:0006094

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

12
10 genes
2
GO:0006508

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

10
10 genes
2
GO:0055114

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

7
8 genes
2
GO:0006468

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

7
7 genes
2
GO:0055114

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

7
6 genes
2
GO:0055114

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

3
6 genes
2
GO:0055114

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

3
5 genes
2
GO:0009405

Frequency
Class Size
No. of GO terms involved
Most frequent GO term

4
5 genes
2
GO:0008218

Frequency
Class Size

3
5 genes
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