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ABSTRACT

Many different methods have been proposed for calculating the semantic similarity of term
pairs based on gene ontology (GO). Most existing methods are based on information content
(IC), and the methods based on IC are used more commonly than those based on the structure
of GO. However, most IC-based methods not only fail to handle identical annotations but also
show a strong bias toward well-annotated proteins. We propose a new method called weighted
multipath measurement (WMM) for estimating the semantic similarity of gene products based
on the structure of the GO. We not only considered the contribution of every path between
two GO terms but also took the depth of the lowest common ancestors into account. We
assigned different weights for different kinds of edges in GO graph. The similarity values
calculated by WMM can be reused because they are only relative to the characteristics of GO
terms. Experimental results showed that the similarity values obtained by WMM have a
higher accuracy. We compared the performance of WMM with that of other methods using
GO data and gene annotation datasets for yeast and humans downloaded from the GO
database. We found that WMM is more suited for prediction of gene function than most
existing IC-based methods and that it can distinguish proteins with identical annotations (two
proteins are annotated with the same terms) from each other.

Key words: depth of LCAs, different weights, every path, gene ontology, semantic similarity.

1. INTRODUCTION

Gene ontology (GO) (Ashburner et al., 2000) is a standard vocabulary of functional terms that is used

for coherent annotation of gene products (Xu et al., 2008). GO comprises three orthogonal ontologies:

biological processes (BP), molecular function (MF), and cellular components (CC) (Ashburner et al., 2000).

These ontologies are represented as three directed acyclic graphs (DAGs) in which the nodes correspond to the

terms describing a certain biological semantic category and the edges represent relationships between terms

(Ashburner et al., 2000). The most common relationships are ‘‘is-a,’’ which indicates that the child is a subclass

of the parent, and ‘‘part-of,’’ which means that the child is a component of the parent. In a DAG, a term inherits

the semantics of its ancestors and distributes them to its descendants, and so the lower term contains more

information (McHale, 1998). GO terms have been widely used to annotate genes and gene products with
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functional terms (Wu et al., 2006a) in the Gene Ontology Annotation project (Barrell et al., 2009). GO data

provide a novel way to measure the functional relationship between gene products regarding their MF and

biological role, which enables biologists to benefit from studying gene correlation (Azuaje et al., 2006). In the

past few decades, a variety of methods have been proposed to quantify the semantic similarity of GO terms.

These measures have been used in a broad range of applications, such as protein function (Fontana

et al., 2009), cellular localization prediction (Lei and Dai, 2006), protein–protein interaction prediction

(Wu et al., 2006b; Xu et al., 2008), automatic annotation validation (Couto et al., 2006), pathway modeling

(Guo et al., 2006), and the evaluation of similarity between gene products with respect to expression profiles

(Sevilla et al., 2005). However, all existing similarity measurement methods have drawbacks. Methods of

Resnik (1995), Lin (1998), and Jiang and Conrath (1997) use information content (IC) to represent the

specificity of GO terms. These methods hinder their ability to determine the functional similarity of genes.

Resnik’s method (Resnik, 2011) ignores the information contained in the structure of the ontology. A serious

drawback of Lin’s method (Lin, 1998) and Jiang’s method (Jiang and Conrath, 1997) is that shallow

annotation (two gene products are well annotated near the root of the ontology) makes the semantic similarity

always be close to 1, which leads to a misleading result. Considering the drawbacks of these two methods,

Wang et al. (2007) developed an IC-independent method, in which each edge is assigned a weight that was

named the semantic contribution factor (xe), according to the type of relationship. They represent a GO term

A as DAGA = (A, TA, EA), a subgraph of GO, where TA is the set of all ancestors of A and itself, and EA is the

set of corresponding links. The contribution of any term t to the semantics of a term A is defined as the S-

value of the term t related to term A, SA(t), which can be calculated by

SA(A) = 1

SA(A) = maxfxe � SA(t0)jt0 2 children of(t)g if t 6¼ A

�
(1)

where xe is the semantic contribution factor for edge e ˛ EA linking term t with its child term t 0. The

semantic value of the term A, SA(A), is the aggregate semantic contribution of all terms in the DAGA.

SV(A) =
X
t2TA

SA(t) (2)

Given that DAGA = (A, TA, EA) and DAGB = (B, TB, EB) for the two terms A and B, respectively, the

semantic similarity between them, SGO (A, B), is defined as

SGO(A‚ B) =

P
t2TA\TB

[SA(t) + SB(t)]

SV(A) + SV(B)
(3)

Nevertheless, each ancestor term may have multiple direct child terms, and this property indicates that there

may be multiple paths from a given term to its ancestor. Wang’s method (Wang et al., 2007) ignored the

affection brought by different paths. Therefore, it is not sensitive to GO updating.

Besides their individual drawbacks, a common problem in above methods is that different researchers

may get different semantic similarity values for the same two GO terms if they use different gene anno-

tation data. In some special cases, researchers need to have a fixed semantics when the terms are used to

annotate genes. Hence, it is desirable to determine the semantic similarity of GO terms only based on their

structure and annotation specification of gene ontologies (Wang et al., 2007). However, most ontology-

structure-based methods (Gentleman, 2005; Pesquita et al., 2007) determine the semantic similarity either

based on their distances to the closest common ancestor terms or based on the number of their common

ancestor terms. There are some other methods that rely on distance measures (Couto et al., 2006; Wu et al.,

2006b), for example, counting the number of edges on the shortest path between the involved terms in GO

to calculate the similarity of GO terms and ignoring the affection brought by other paths, and thus the

results obtained by these methods have a low accuracy.

2. METHODS

To address the weaknesses of the most existing methods, we propose a weighted multipath measurement

(WMM) based on the DAG structure of GO to measure the semantic similarity of GO terms. In addition to
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taking every path into account, we also assign a weight to each edge according to the type of relationship

like Wang’s method (Wang et al., 2007) instead of quantifying each edge as 1.

2.1. Semantic similarity of GO terms based on the structure of GO graph

Figure 1 shows a subgraph that is extracted from GO for a given term, for example, GO: 0048471. As

shown in Figure 1, term t3 is the father of t5 and the brother of t4. Interpreted by human common sense, the

similarity value between t3 and t5 should be higher than that of t3 and t4. Some related studies also

demonstrated that the path of two terms affected the semantic similarity of them, and the longer the path is,

FIG. 1. A subgraph generated from GO of two seed terms, GO:0048471 and GO:0031410. Gene ontology is

represented as a directed acyclic graph in which the nodes correspond to the terms and the edges represent relationships

between terms. The solid arrows represent the ‘‘is-a’’ relationship and the dotted arrows show the ‘‘part-of’’ rela-

tionship. GO, gene ontology.
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smaller the similarity value is. For example, sim (t3, t4) < sim (t3, t5) (the similarity value of term t3 and

term t4 is smaller than that of term t3 and term t5), sim (t7, t8) < sim (t6, t8), and sim (t11, t12) < sim (t9, t12);

the results obtained by Wang’s method (Wang et al., 2007) and Jiang’s method ( Jiang and Conrath, 1997)

both confirmed it (see Fig. 2).

Given two GO terms ta and tb in a DAG, the path from ta to tb is defined as

path(ta‚ tb) = � t1‚ t2‚ . . . ‚ tn � j(ta = t1) ^ (ta = tn) ^ 8i : (1pipn) ^ ti 2 parents(ti + 1)ÞÞð gðf (4)

where function parent (t) represents the set of parents of t. If term ta is an ancestor of term tb, then there is at

least one path from ta to tb, and so the set of ancestors of term t can be defined as

ancestors = t1‚ t2‚ . . . ‚ tn‚ tj(8i : (1pipn) ^ paths(ti‚ t) 6¼ �)f g (5)

The common ancestors of ta and tb are defined as

CAs(ta‚ tb) = ancestors(ta) \ ancestors(tb) (6)

The set of lowest common ancestors (LCAs) is described as

LCAs(ta‚ tb) = tj node paths(t‚ ta)ð Þ \ node paths(t‚ tb)ð Þ \ CAs(ta‚ tb)ð Þ = tf g (7)

Considering that one GO term may have multiple parent terms with different semantic relations in a DAG,

there may be multiple LCAs between two terms and more than one path from one term to a certain LCA,

and so given two terms ta and tb, the similarity between them based on path distance (PD) can be defined as

simPD(ta‚ tb) =
a

dis
�
paths(t‚ ta)

�
+ dis

�
paths(t‚ tb)

�
+ a

‚ t 2 LCAs(ta‚ tb) (8)

where dis(paths(t‚ tx)) means the average PD from t to tx, and LCAs (ta,tb) denotes the LCAs of ta and tb. a
is a parameter ranging from 0 to 1.

Because the specificity of a GO term is usually determined by its location in the GO graph and a GO

term’s semantics (biological meanings) are inherited from all its ancestor terms, two terms sharing the same

parent that are near the root of the ontology should have a larger semantic difference than two terms having

the same parent that are far away from the root of the ontology, which means that the semantic similarity

value of two terms whose closest common ancestor is near the root of the ontology is expected to be less
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FIG. 2. Similarity values of certain term pairs obtained by Wang’s and Jiang’s methods. Term pairs are extracted

from Figure 1. The results obtained by Wang’s and Jiang’s methods demonstrate that the path of two terms affects the

semantic similarity of term pairs, and the longer the path is, the smaller the similarity value is.
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than that of two terms whose LCA is far away from the root. So the semantic difference of two GO terms

cannot be accurately represented by their distances to their closest common ancestor terms, and the

distance from the LCAs to the root of the ontology is an important factor that affects the semantic

similarity. For instance, sim (t7, t8) > sim (t3, t4); this is because the LCA of t7 and t8 is t6, and the LCA of

t3 and t4 is t1, and t1 is the root of the ontology. The results we derived are consistent with the results

obtained by Jiang’s method ( Jiang and Conrath, 1997) and Wang’s method (Wang et al., 2007). Figure 2

gives an intuitive comparison. Based on this, a concept called common path distance (CPD) is defined,

which represents the average distance from the root to its LCAs of ta and tb. Thus, the similarity value is

given by

simCPD(ta‚ tb) = exp

 
- b

dis
�
paths(root‚ t)

�
+ b

!
‚ t 2 LCAs(ta‚ tb) (9)

where dis(paths(root‚ t)) means that the average distance from the root to t, that is, b, is a parameter ranging

from 0 to 1. Existing methods always make the semantic similarity between any term and itself be 1, and it

ignores differences of location on the ontology hierarchy. Equation 9 takes the depth of term into account,

which is useful to calculate the semantic similarity of two proteins annotated by identical annotations (see

the Comparing identical annotations section for details).

In fact, the common ancestor of two GO terms may have different contributions to the semantics of these

specific child terms because the distance from terms to their common ancestor and the semantic relations

(edges in the GO graph) may be different. In order to get a more accurate result, different weights are

assigned to different edges according to the type of relationship. In this study, we assign wi and wp for ‘‘‘is-

a’’ and ‘‘part-of’’ relations, respectively. The values of wi and wp are calculated according to Wang’s

method (Wang et al., 2007).

In order to get a more reasonable and accurate result, simPD and simCPD are combined by a parameter k.

Finally, the semantic similarity of two GO terms is defined as

sim(ta‚ tb) = ksimPD(ta‚ tb) + (1 - k)simCPD(ta‚ tb) (10)

By replacing simPD(ta‚ tb) and simCPD(ta‚ tb) with Equation 8 and Equation 9, respectively, we have

sim(ta‚ tb) = k:
a

dis
�
paths(t‚ ta)

�
+ dis

�
paths(t‚ tb)

�
+ a

+ (1 - k) � exp

 
- b

dis(paths(root‚ t)) + b

!
‚ t 2 LCAs(ta‚ tb)

(11)

where a is a parameter that regulates the contribution rate of PD, and b regulates the contribution rate of the

depth, and k regulates the contribution rate of distance and depth to the similarity value. The values of them

range from 0 to 1.

2.2. Function similarity of gene products

It is meaningless to compare only the semantic similarity of GO terms. All methods for calculating the

similarity of GO terms are proposed to finally compare the function of genes or gene products.

There are two strategies quantifying the relationship between two gene products. One is pairwise

strategy, which includes maximum (MAX), the average, and best-match average (BMA). The other

strategy is named as groupwise, such as simUI (Gentleman, 2005), simGIC (Pesquita et al., 2007), and

SORA (Teng et al., 2013). Different strategies are best suited in different contexts (Pesquita et al., 2009a;

Guzzi et al., 2012), and no measure is clearly preferred over the others for biological problems. As noted by

Pesquita et al. (2008), the maximum and average approaches have limitations from a biological point of

view, and the BMA (Pesquita et al., 2007) performs better than the MAX (Pesquita et al., 2007), because

MAX strategy considers the best match among all term pairs of two gene products, and it could be

potentially affected by incorrect annotations or the noise along with the IEA annotations (Guzzi et al.,

2012). In this article, the BMA is applied.

Let A and B be two gene products of interest, and TA and TB are the sets of all the GO terms assigned to

proteins A and B, respectively. So the relationship strength between A and B is defined through pairwise
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rule, that is, BMA. The BMA strategy finds all the best semantic similarity values for each term in TA and

TB, and Equation 13 demonstrates it. The functional similarity of proteins A and B is calculated by

FPCGO
BMA(A‚ B) =

P
ti2TA

FPC(ti‚ TA) +
P

tj2TB

FPC(tj‚ TB)

jTAj + jTBj
(12)

where

FPC(tx‚ M) = max
my2M

[FPC(tx‚ my)] (13)

3. RESULTS AND DISCUSSION

Most of the existing semantic similarity measurements assess their performance in terms of correlations

with sequence similarity (Mistry and Pavlidis, 2008), protein family similarity (Couto et al., 2005; Schlicker

et al., 2006), and human ratings (Rong et al., 2006), etc. In this article, we first evaluate the performance of

WMM by comparing the calculated semantic similarities with human ratings, and then we compare WMM

with other existing methods using the Collaborative Evaluation of GO-based Semantic Similarity Measures

(CESSM), an online tool for evaluating GO-based semantic similarity measures using Pearson’s correlation

with sequence, Pfam domain, and EC classification (ECC) similarities (Pesquita et al., 2009b); third, we

compare the resolutions of WMM with other methods; finally, we discuss about the contribution of the

WMM method in calculating the similarity of proteins annotated by identical annotations.

In this article, GO data (released in April 2012) and gene annotation datasets (released in April 2012) for

yeast and human downloaded from the GO database (Ashburner et al., 2000) are used. The GO contains

22,506 BP, 2980 CC, and 9341 MF terms.

3.1. Comparison of WMM with human ratings

Ten biologists grade 25 pairs of GO terms with high, intermediate, and low similarities from 0 (no

similarity) to 10 (synonymy) individually. After repeated testing, the maximum value of Pearson’s correlation

coefficient (PCC) is obtained when wi = 0.8, wp = 0.6, a = 0.8, b = 0.1, and k = 0.6. Table 1 shows the

PCCs between similarity values obtained by seven measures and that of human ratings. A higher PCC

represents better performance, which means that the method with a higher PCC has a higher capability to

achieve semantic similarity closer to human performance. As shown in Table 1, the results obtained by the

WMM method most closely match the human perception. Although WMM does not show significant im-

provement compared with Combine’s (Guzzi et al., 2012) method, it outperforms two intrinsic methods,

SimUI method (Gentleman, 2005) and Wang’s method (Wang et al., 2007).

3.2. Evaluation of WMM by CESSM

CESSM is an online tool made available by the XLDB research team at the University of Lisbon. In

total, 13,430 protein pairs involving 1039 distinct proteins and Uniprot GO annotations can be downloaded

Table 1. Pearson’s Correlation Coefficients vs. Human Ratings

Method PCC

WMM 0.8849

Combine’s (Guzzi et al., 2012) 0.8638

Lin’s (Lin, 1998) 0.8496

SimUI (Gentleman, 2005) 0.8397

Wang’s (Wang et al., 2007) 0.8257

Resnik’s (Resnik, 1995) 0.8241

ZZL’s (Zhong et al., 2002) 0.7144

The PCCs between the semantic similarities obtained by the seven measures and that

of human ratings. PCCs, Pearson’s correlation coefficients; WMM, weighted multipath

measurement.
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from CESSM online. CESSM provides three standards of evaluation: ECC similarity (ECC), Pfam simi-

larity (Pfam), and sequence similarity (SeqSim). CESSM is used in our research to compare the WMM

method with existing methods, such as Resnik’s (RB) method (Resnik, 1995), Lin’s (LB) method (Lin,

1998), and Jiang’s ( JB) method ( Jiang and Conrath, 1997), coupled with simGIC (GI) (Pesquita et al.,

2007) and simUI (UI) (Gentleman, 2005) (i.e., GI, UI, RB, LB, and JB) in three ontologies (MF, BP, and

CC). First, the performance is evaluated by measuring the PCC between the semantic similarities given by

each method and the functional similarity estimated from ECC, Pfam annotation (Pfam), and sequence

similarity (SeqSim), respectively, under different three ontologies, MF, BP and CC. Table 2 shows the

performance of each method evaluated by correlation received from CESSM. Figures 3–5 give a more

intuitive comparison. As shown in Table 2 and Figure 3, both WMM and simGIC outperformed the others

in sequence similarity (with a correlation of approximately 0.8 in BP). By analyzing Figure 4, we can find

that WMM, simGIC, and simUI show a higher correlation in Pfam similarity than the others (with a

correlation of approximately 0.6 in MF). In Figure 5, the three aforementioned methods and Resnik show a

similar correlation for ECC (0.6 in MF).

Pesquita et al. (2008) recommended a measurement called resolution instead of the correlation coeffi-

cient to evaluate how well the semantic similarity matches the sequence similarity because the relationship

Table 2. The Performances of Different Methods Evaluated by Collaborative Evaluation

of GO-based Semantic Similarity Measures

GO Standard WMM GI UI RB LB JB

MF ECC 0.6506 0.6220 0.6366 0.6027 0.6417 0.5613

Pfam 0.6386 0.6380 0.6181 0.5715 0.5639 0.4909

SeqSim 0.6826 0.7127 0.5925 0.6683 0.6063 0.5459

BP ECC 0.4606 0.3981 0.4023 0.4444 0.4352 0.3707

Pfam 0.4586 0.4547 0.4505 0.4588 0.3727 0.3319

SeqSim 0.8225 0.7733 0.7304 0.7397 0.6369 0.5864

CC ECC 0.4006 0.3612 0.3575 0.3777 0.3683 0.2599

Pfam 0.5376 0.4974 0.5214 0.4931 0.4851 0.2599

SeqSim 0.8025 0.7500 0.6721 0.7113 0.6398 0.5014

Performance is measured by the PCC between the semantic similarity given by each method and the functional similarity estimated

from EC classification (ECC), Pfam annotation (Pfam), and sequence similarity (SeqSim), respectively. Molecular function (MF),

biological processes (BP), and cellular components (CC) are the three ontologies of gene ontology (GO).
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FIG. 3. Correlation between semantic similarity calculated by WMM and sequence similarity displayed by CESSM.

Both WMM and simGIC outperform the others in sequence similarity (with a correlation of approximately 0.8 in BP).

The evaluation is carried out for UniProt protein pairs from the CESSM database in the MF, BP, and CC ontologies.

BP, biological processes; CC, cellular components; CESSM, Collaborative Evaluation of GO-based Semantic Simi-

larity Measures; MF, molecular function; WMM, weighted multipath measurement.
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between semantic similarity and sequence similarity is not linear. Resolution is the relative intensity

whereby variations in the sequence similarity scale are translated into the semantic similarity scale. The

method with a higher resolution has a higher capability to distinguish protein functions between different

levels. Figure 6 shows the resolutions when sequence similarity is compared with the semantic similarity

measured by WMM and some other existing methods. For a more intuitive comparison, see Figure 7. It

shows that WMM performs comparably to the other five methods.

3.3. Comparing identical annotations

Identical annotation occurs when two proteins are annotated with the same terms. It is a pity that most

existing semantic similarity measurements assume that the similarity of any pair of proteins annotated by

the same GO terms (known as identical annotation) will always be 1, which does not match the human

perception that the similarity between proteins annotated with more specific terms should be greater than

those annotated with more general ones. For instance, in the simplest case in Figure 1, in a given protein

pair, P1 and P2 both annotated with the single term GO: 0005623, and in another protein pair, P3 and P4

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

WMM GI UI RB JB LB

C
o

rr
el

at
io

n
 w

it
h

 P
fa

m
si

m
ila

ri
ty

MF

BP

CC

FIG. 4. Correlation between semantic similarity calculated by WMM and Pfam similarity displayed by CESSM.

WMM, simGIC, and simUI show a higher correlation in Pfam (protein family) similarity than the others (with a

correlation of approximately 0.6 in MF). The evaluation is carried out for UniProt protein pairs from the CESSM

database in the MF, BP, and CC ontologies.
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FIG. 5. Correlation between semantic similarity calculated by WMM and ECC similarity displayed by CESSM. WMM,

simGIC, simUI, and Resnik show a similar correlation (0.6 in MF) for ECC.The evaluation is carried out for UniProt

protein pairs from the CESSM database in the MF, BP, and CC ontologies. ECC, enzyme comission classification.
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both annotated with the single term GO: 0044424, and both of them have similarities of 1 under all of the

existing measurements, but it is not true if rated by a human expert. As the specificity of terms increases

downward through the DAG, it is reasonable to assume that there will be more similarity in the latter case

than in the former case, and the similarity value between a term and itself can be calculated by Equation 9.

As a result, our method shows that the similarity between P1 and P2 is 0.5583 and that the similarity

between P3 and P4 is 0.7154.

As shown in Table 2 and Figure 7, WMM performs better than all the other five methods. Although it

does not show significant improvements, it does show that it can compare proteins with identical anno-

tations, providing a more authentic and unbiased result. These results confirm that WMM can be used as an

alternative method to evaluate the functional similarity between proteins.
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FIG. 6. The resolutions of different methods. Resolution is defined as the relative intensity whereby variations in the

sequence similarity scale are translated into the semantic similarity scale.
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FIG. 7. The comparison of resolutions obtained by CESSM. This figure is drawn from the data in Figure 6 and shows

that WMM outperforms the other five methods.
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