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ABSTRACT
Functional classification schemes that serve as the basis for
annotation efforts in several organisms (e.g. the Gene On-
tology) are often the source of gold standard information
for computational efforts at supervised gene function predic-
tion. While successful function prediction algorithms have
been developed, few previous efforts have utilized more than
the gene-to-function class labels provided by such knowl-
edge bases. For instance, the Gene Ontology not only cap-
tures gene annotations to a set of functional classes, but it
also arranges these classes in a DAG-based hierarchy that
captures rich inter-relationships between different classes.
These inter-relationships present both opportunities, such
as the potential for additional training examples for small
classes from larger related classes, and challenges, such as
a harder to learn distinction between similar GO terms, for
standard classification-based approaches. In this paper, we
propose to enhance the performance of classification-based
protein function prediction algorithms by addressing these
issues, using the same inter-relationships between functional
classes. Using a standard measure for evaluating the se-
mantic similarity between nodes in an ontology, we quantify
and incorporate these inter-relationships into the k-nearest
neighbor classifier. We present experiments on several large
genomic data sets, each of which is used for the modeling and
prediction of different sets of over hundred classes from the
GO Biological Process ontology. The results show that this
incorporation produces more accurate predictions for a large
number of the functional classes considered, and also that
the classes benefitted most by this approach are those con-
taining the fewest members. In addition, we show how our
proposed framework can be used for integrating information
from the entire GO hierarchy for improving the accuracy of
predictions made over a set of base classes.

1. INTRODUCTION
A variety of recently available high throughput data sets,

such as protein-protein interaction networks, microarray data
 
 
 
 
 
 
 
 
 
 
 
 

and genome sequences, offer important insights into the mech-
anisms leading to the accomplishment of a protein’s func-
tion. However, the complexity of analyzing these data sets
manually has motivated the development of numerous com-
putational approaches for predicting protein function [8, 26].
For a recent comprehensive survey on this topic, see Pandey
et al (2006) [21].

One of the most popular methods used for predicting pro-
tein function from biological data is classification [30, 5, 15].
Under the traditional classification framework, each protein
is represented by a set of features, such as the expression
profile of its corresponding gene or the set of proteins it
interacts with. Now, for each functional class, a model is
constructed using the feature sets of the proteins annotated
with this class. This model is then used to decide if an unan-
notated query protein should be annotated with this class.
The key premise underlying this methodology for predict-
ing protein function is that proteins belonging to the same
functional class have ”similar” biological attributes.

Standard classification or predictive modeling techniques
for function prediction rely on positive and negative exam-
ples from functional classification schemes, such as the Gene
Ontology [1] or MIPS [24], and typically treat each func-
tional class separately. However, this standard approach
fails to capture one of the key properties of such classi-
fication schemes: most schemes not only provide annota-
tions to functional classes, but also capture inter-relations
between the functional classes. For example, the Gene On-
tology (GO) is arranged as a directed acyclic graph in which
the GO terms form a hierarchy capturing everything from
relatively general functions (e.g. metabolism) to specific,
biological roles (e.g. nucleotide excision repair). Such an
organization of classes, particularly in the case of GO, poses
two important challenges for predictive modeling techniques
for function prediction. First, several studies [17, 2, 27]
have concluded that proteins in inter-related, or ”similar”
GO classes tend to have similar biological attributes. This
limits the applicability of the key premise of classification-
based function prediction discussed above, since distinguish-
ing between such similar GO classes becomes hard.

The second important issue that arises is that often, an
insufficient number of training examples are available for
building models for functional classes, especially for classes
deep in the hierarchy. This phenomenon is illustrated in Fig-
ure 1 for two classes, which had 383 and 54 member proteins
in Mnaimneh et al ’s gene expression data set [18], represent-
ing the a large class and one of the classes of median size
respectively from the GO biological process ontology. These
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(a) Large class (383 proteins)
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(b) Smaller class (54 proteins)

Figure 1: Distribution of the number of nearest
neighbors of the same class in a neighborhood of
size 20 for two classes in Mnaimneh et al ’s data set

histograms show, for each protein in these classes, how many
”nearby” proteins belong to the same class. Neighborhood
is restricted to the twenty proteins with the most similar
expression profiles to the query protein, using correlation as
the similarity measure. These plots show that for most of
the proteins in both the large, as well as the much smaller
class, only a limited number of similar proteins in the same
class are available. For instance, for the large class, 243
of the 383 proteins have less than three similar proteins in
the same class, while two is the maximum number of same
class neighboring proteins for proteins in the smaller class.
In fact, 40 of the 54 proteins in the smaller class have no
proteins of the same class in their neighborhood. This il-
lustrates the difficulty of building classification models for
small functional classes that are located deep in the GO on-
tology. In summary, these challenges make it hard to build
accurate classification models.

However, the availability of the same well-defined struc-
ture of relationships between functional classes in the form
of Gene Ontology raises the following key question: ”Can the
performance classification algorithms for function prediction
be improved by incorporating these inter-relationships into
them?”. In this paper, we propose to address this question

Figure 2: Overview of our approach. Solid circles
represent data points and the values in them denote
similarity of their class with the target class. The
dashed circle represents the nearest neighborhood
(derived from genomic data) of the query protein
marked with a ”?”.

using an approach shown visually in Figure 2. As illustrated
by this figure, our approach uses evidence in ”nearby” pro-
teins belonging to similar classes to bolster the evidence for
annotation of the query protein with the target class1. Us-
ing Lin’s measure [16] for evaluating the semantic similarity
between nodes in an ontology, we incorporate these inter-
relationships into the k-nearest neighbor classifier [30]. We
evaluate our algorithm on two large microarray datasets [18,
10], a recent protein interaction dataset [14] and a combina-
tion of interaction and microarray data sets, each of which is
used for the modeling and prediction of over hundred classes
from the GO Biological Process ontology. The results show
that, compared to the base k-NN classifier, this incorpo-
ration produces more accurate predictions for many of the
functional classes considered, and also that the classes bene-
fitted most by this approach are those containing the fewest
members. We also illustrate how the proposed framework
can be used for integrating information in the entire GO
Biological Process ontology to improve the accuracy of pre-
diction over a set of target classes.

The rest of the paper is organized as follows. Section 2
discusses the motivation for incorporating the semantic sim-
ilarity between functional classes for prediction algorithms
further, and Section 3 discusses related work that has been
done for incorporating functional relationships in GO into
function prediction algorithms. Section 4 covers the neces-
sary background for our approach, which is discussed in Sec-
tion 5. Experimental results of the approach are presented
in Section 6. Finally, we make conclusions and suggestions
for future work in Section 7.

2. MOTIVATION FOR USING SEMANTIC
SIMILARITY FOR FUNCTION PREDIC-
TION

As has been mentioned before, there is ample evidence
now that the similarity of biological characteristics of pro-
teins implies the semantic similarity of their functional an-

1Since the rest of the discussion in this paper will be con-
cerned with classification using GO, the terms (functional)
class, node and label will be used interchangeably.



0 0.5 1 1.5 2 2.5
0

0.2

0.4

0.6

0.8

1

Avg # nearest neighbors of class

S
im

ila
rit

y 
of

 c
la

ss
 w

ith
 ta

rg
et

 c
la

ss

Figure 3: Distribution of nearest neighbors of sim-
ilar classes for a class of medium size (54 proteins)
in Mnaimneh et al ’s data set

notations [17, 2, 27]. This result can be used to improve
the prediction of protein function. Imagine a protein p, for
which there is evidence that it performs function f . Now, it
is possible that the proteins having expression profiles most
similar to p may have labels that are similar to f , but not
f itself. For instance, in Figure 2, p, which is the query
protein shown by a ? symbol, has only two neighbors of the
same target class, denoted by a semantic similarity of 1 to
the target class. Due to this small number of similar pro-
teins of the same class, the correct annotation for p may not
be uncovered, using a direct neighborhood-based approach.
This problem may become more severe in two circumstances,
namely the class of interest being small, in which case there
will not be sufficient number of similar proteins by defini-
tion, and in the case of noisy data, such as protein interac-
tion networks and gene expression data, where the similarity
between proteins may be affected by the noise in the data.
Figure 1(a) shows this phenomenon for a large class in one
of the data sets used in our study, for neighborhoods of size
20. This histogram shows that even for proteins annotated
with this abundant label, the number of nearest neighbors
carrying the same label are relatively few. For instance,
the number of proteins having at most two neighbors carry-
ing the same label is 243 respectively, which is over half of
the class size. This behaviour is expected to be even more
acute for smaller classes. For instance, Figure 1(b) shows
this distribution for a relatively smaller class of size 54 and
neighborhoods of size 20, and it can be seen that over 70%
of the proteins in this class have no nearest neighbors of
the same class. The distribution is similar for several other
classes.

In these situations, it may be useful to consider the con-
tributions from not only similar proteins having the label
f , but also labels that are similar to f and are posessed by
neighboring proteins. Figure 3 shows this phenomenon for
the class discussed in Figure 1(b). Here, the semantic simi-
larity of all the classes with the target class (calculated using
Lin’s measure [16] discussed Section 4) is plotted against the
average number of nearest neighbors of the corresponding
class in the nearest neighborhood of a protein of the target

class. As can be seen from this scatter plot, even though the
average frequency of the target class is very small (less than
0.5), there are several classes that are more abundant, and
have a substantial semantic similarity with the target class
(over 0.4 for several classes). This similarity can be used to
enrich the available information in the neighborhood of pro-
teins being tested for a target class. Our approach is based
on this principle, and is discussed in detail in Section 5.

3. RELATED WORK
Recently, some approaches have been proposed to ad-

dress the problem of incorporating inter-relationships be-
tween functional classes in GO into function prediction al-
gorithms. These approaches can be categorized using the
following two types of relationships between classes consti-
tuting the DAG-based functional hierarchies in GO:

• Parent-child relationships: The basic structure of
the ontologies in GO is constructed from edges between
parent and children terms. Some approaches have re-
cently been proposed for incorporating these relation-
ships in order to enforce the consistency required by
these relationships, namely a gene annotated with a
child node must be annotated with the parent node,
into function prediction algorithms. Barutcuoglu et
al [3] proposed a Bayesian network-based approach
for this incorporation. In this work, they trained in-
dividual SVM classifiers on all the nodes of the hier-
archy. Then, by constructing a Bayesian network us-
ing the structure of the ontology, the predictions of all
the nodes were corrected iteratively in order to ensure
consistency between parent-child annotations through-
out the hierarchy, obtaining significant improvements
over the individual classifiers. Carroll and Pavlovic [6]
proposed a similar approach using probabilistic chain
graphs for this problem. However, due to the limited
evaluation experiments on small hierarchies, it is un-
clear how the performance of this approach would scale
for a large set of classes from GO. Some other studies,
such as Shahbaba and Neal (2006) [28], have also stud-
ied this problem, although their techniques are limited
to tree-structured hierarchies.

• Sibling and other distant relationships: An ef-
fect of the structure of the ontologies in GO is the for-
mation of sibling relationships between nodes that are
children of the same parent. These relationships can be
further generalized to extended family relationships,
such as cousin and other relationships. King et al [13]
approached the problem of incorporating these rela-
tionships into function prediction algorithms by pre-
dicting the functions of a protein using the patterns
of annotations of other genes. More specifically, they
construct models using the decision tree and Bayesian
network methods for predicting the annotation of a
certain gene with a given functional class, using the
other GO term annotations as attributes. Tao et al [31]
extended King et al’s approach further by augmenting
the prediction model with the semantic similarity be-
tween different classes. Here, they used Lin’s similar-
ity measure [16], also used in our study but using a
different definition, to measure the inter-relationships
between the functional classes in GO, and thus to mea-
sure the similarity between the sets of functional labels



of two genes. This similarity measure is then used
within the framework of a k-nearest neighbor classifier
for predicting whether an unannotated gene belongs
to a certain functional class or not. This study pro-
vided important evidence for the utility of semantic
similarity as a method for measuring the degree of re-
lationship between two classes, and using this measure
for enhancing function prediction algorithms. How-
ever, since this technique uses the known annotations
of a protein to predict its other potential annotations,
it may be hard for it to predict functions for a gene or
protein for which no annotations are known, since this
gene will have no similarity to the other genes using
this measure. This illustrates the utility of using exter-
nal genomic data for predicting the functions of such
poorly annotated proteins, since, in this approach, the
similarity measurements between proteins are made on
the basis of experimental data, the availability of which
is not necessarily dependent on whether the protein is
annotated or not. Our work takes this approach of
augmenting biological data-based functional classifica-
tion algorithms with inter-relationships between func-
tional classes using measured using standard semantic
similarity measures.

Incorporation of both these types of relationships are im-
portant for making use of the information available in the
entire hierarchy. One of the advantages of the direct incor-
poration of functional relationships, which is the focus of the
latter set of studies, is that it is possible to incorporate in-
formation from nodes farther away in the hierarchy, as com-
pared to the hierarchical incorporation approaches, which
only utilize the subgraph of the hierarchy corresponding to
the set of target classes. Our work provides a framework
for incorporating these distant functional inter-relationships
into standard function prediction algorithms. Notably, this
task is more challenging than the hierarchical incorporation
problem due to two important reasons: (1) there are no
widely accepted theoretical frameworks for a direct incor-
poration of relationships between labels into classification
algorithms, while reasoning structures such as Bayesian net-
works and probabilistic chain graphs can be used for mod-
eling hierarchical relationships, for which a clear structure
is available in GO, and (2) there are a much larger num-
ber of relationships between labels to be considered than
just the parent-child relationships between pairs of terms,
which are relatively fewer. These factors make the incor-
poration of non-hierarchical relationships more challenging.
Furthermore, as discussed above, we perform this augmen-
tation using the biological characteristics of genes captured
in high-throughput genomic data, thus addressing one of the
limitations of King et al’s [13] and Tao et al’s [31] studies.
This enables us to make predictions for poorly annotated
genes, for which experimental data, such as their interac-
tions and expression profiles, are available.

Our work is also related to the field of hierarchical and
multi-label classification in machine learning and data min-
ing [32]. Most of the work in this field has been done within
the domains of text and image classification [9, 29, 25, 33].
However, this work has limited applicability to protein func-
tion prediction because (1) the input data is relatively easier
to analyze than complex biological data, (2) the hierarchies
are structured as trees rather than DAGs, which are consid-
erably harder to incorporate due to the possibility of a child

having multiple parents and (3) they consider no (or lim-
ited) interaction between the classes. Recently, some work
has been done for incorporating relationships between la-
bels into classification algorithms. In one such study, Kang
et al [12] developed a k-NN model that takes into account
the co-occurrence of the target labels. However, this co-
occurrence measure may not be sufficient for our study, due
to the presence of both large and small classes in the set of
target classes. Also, this technique ignores the hierarchical
arrangement of classes in functional classification schemes
such as GO.

4. BACKGROUND

4.1 Semantic Similarity in an Ontology
In GO, nodes are connected to other nodes through parent-

child edges, which imposes hierarchical inter-relationships
between the nodes constituting an ontology. Also, the nodes
contain member proteins that have been annotated with the
corresponding functional class. Thus, it is possible to com-
pute the similarity between two GO nodes, referred to as se-
mantic similarity, on the basis of the hierarchy, the contents
of the nodes, or a combination of both. Several information-
theoretic semantic similarity measures have been developed
for computing similarity between two concepts in a hierar-
chy, such as those by Lin [16], Resnik [23] and Jiang [11].
These measures evaluate the similarity of two nodes in terms
of their proximity in the ontology, as well as their content. In
particular, we use Lin’s measure [16], defined in Equation 1.

linsim(l1, l2) =
2 × [log pms(l1, l2)]

log p(l1) + log p(l2)
(1)

Here, l1 and l2 are the labels (or nodes) between which
similarity is being calculated, while p(l) denotes the proba-
bility of a protein being annotated with label l, and is es-
timated from the available set of GO annotations for an
organism. Also, pms(l1, l2) = min

l∈S(l1,l2)
p(l), where S(l1, l2) is

the set of common ancestors of l1 and l2. Thus, pms(l1, l2)
denotes the probability of the minimum subsumer of l1 and
l2. Intuitively, Lin’s measure measures the semantic simi-
larity of l1 and l2 in terms of the contents of their minimum
subsumer node in the ontology. Clearly, linsim(l1, l2) = 1
when l1 = l2, and linsim(l1, l2) = 0, when their minimum
subsumer is the root of the ontology. An additional advan-
tage of this measure is that they are bounded between [0, 1].
These fixed bounds of this measure are very useful for our
implementation of the functional inter-relationship concept
into prediction algorithms, as explained in Section 5.

An example of a label similarity matrix computed for the
set of functional classes used in this study is shown in Fig-
ure 4(a).

4.2 k-Nearest Neighbor Classifier
One of the simplest classification algorithms is the k-nearest

neighbor (k-NN) classifier [30], which is based on the princi-
ple of abundance of the target label in the neighborhood of
the query example. We use a weighted variant of this classi-
fier, similar to the direct k-NN classifier used by Kuramochi
and Karypis [15], which counts the abundance of each la-
bel in the neighborhood of size k of a protein, weighted by
the feature similarity of the neighboring proteins having the
corresponding label. Thus, if the feature set of a protein p is



denoted by feature(p), then the likelihood score of a label
l for a protein p is given by Equation 2.

likelihood(p, l) =
X

p′∈Nbd(p)

[sim(feature(p), feature(p′))

× I[l ∈ labels(p′)]] (2)

Here sim(feature(p), feature(p′)) denotes the similarity
between the feature vectors describing proteins p and p′, and
I is an indicator function that returns 1 if l belongs to the
set of labels p′ is annotated with. Applying this formula for
p for each label, and then repeating the calculation for all
the proteins, produces a |proteins| × |labels| matrix, named
LLbasic, of likelihood scores. The accuracy of this algorithm
can then be evaluated using any threshold-free evaluation
measure, which was chosen to be the area under the ROC
curve (AUC score) [30] in our study.

We chose k-NN as the base classifier in our study since it
is much simpler than other classification methods, such as
SVM [30], and hence it is easier to incorporate additional
factors into the model. Also, for the problem of protein
function predictions, some authors have reported that with
suitable parameter settings, k-NN produces comparable per-
formance to SVM [15, 34, 35].

5. PROPOSED APPROACH

5.1 Modified classification algorithm
It can be observed from Equation 2 that k-NN is an addi-

tive model, i.e., the likelihood scores are obtained by adding
the contributions of all examples in the neighborhood of the
test example. Thus, it is intuitively easy to incorporate
contributions from examples annotated with similar labels.
This is implemented using Equation 3.

likelihood(p, l) =
X

p′∈Nbd(p)

[sim(feature(p), feature(p′))

× (
X

l′∈labels(p′)

LabelSim(l, l′))] (3)

Equation 3 represents a direct extension of the model de-
scribed in Equation 2, where, in addition to the label being
tested (l), contributions are also taken from labels similar to
l. The latter factor is incorporated into the model using the
second term

P

l′∈labels(p′) LabelSim(l, l′), which denotes the

sum of the similarities between the target label l and all the
other labels l′ posessed by p′. In fact, if LLbasic represents
the |proteins| × |labels| likelihood matrix derived using the
direct k-NN model, and LabelSim is the matrix of pairwise
label similarities, then the above equation can be written
conveniently as follows, where LLlabelsim contains the final
likelihood scores.

LLlabelsim = LLbasic × LabelSim (4)

Equation 4 makes the implementation of our approach
much easier. Also, it generalizes the implementation to other
classifiers such as SVM, where the LLbasic matrix may sim-
ply contain the discriminant values produced by all SVM
classifiers for all the classes, for each protein in the test set.
However, care needs to be taken in applying this formula to
all classifiers, since, unlike k-NN, they may not be additive
in nature.

5.2 Filtering of label similarities
The label similarity matrix contains a value (however small

or large) for each pair of labels. Many of these similarities,
especially the smaller ones, are likely to be uninformative,
since all functional classes are not expected to interact with
all the others, particularly in a large diverse set of classes.
In order to handle this issue, we used a heuristic approach
for filtering the label similarity matrix. For each class, we
determined a filtering threshold using a cross-validation pro-
cedure. This threshold was determined by running a grid
search over the interval [0, 1]. For each such threshold t,
all label similarities less than t were converted to 0. Then,
a leave-one-out cross-validation procedure is run over the
training set to determine the AUC score of the resulting la-
bel similarity-incorporated classifier. Finally, for each class,
the threshold for which the highest AUC score is obtained,
is chosen as the filtering threshold. A filtered version of
the label similarity matrix shown in Figure 4(a) is shown in
Figure 4(b).

6. EXPERIMENTAL EVALUATION

6.1 Data Sets
We used several high-throughput data sets for evaluating

our approach. The first was Mnaimneh et al ’s gene expres-
sion [18], which measures the expression of all S. cerevisiae
(budding yeast) genes under a set of 215 titration experi-
ments. The second was another large scale dataset known
as the Rosetta gene expression compendium [10] prepared
by subjecting yeast cells to a set of 300 diverse mutations
and chemical treatments. Pearson’s correlation coefficient,
used commonly for measuring the similarity between the
expression profiles of two genes [7], was used as the feature
similarity function sim for these data sets. We also evalu-
ated our approach on Krogan et al ’s recently published data
set of 7123 highly reliable physical interactions between pro-
teins in yeast [14]. This data set was represented as an n×n

adjacency matrix A, with the A(i, j) cell containing the re-
liability of the interaction between proteins i and j, if any.
We used the h−confidence measure for measuring the sim-
ilarity between the interaction profiles of two proteins in
this matrix, which has been shown in a previous study [22]
to handle the noise and incompleteness problems of protein
interaction data robustly. Finally, we also considered a com-
bined data set, which was prepared by combining the yeast
protein interaction data in the BIOGRID database [4] with
the two microarray datasets discussed above. This dataset
was constructed by preparing the adjacency matrix for the
BIOGRID interaction dataset, and concatenating the rows
of this matrix with the gene expression profiles of the con-
stituent genes. Also, any columns in the resultant data ma-
trix that have less than two non-zero values are removed,
since they do not contribute to the similarity computation.
Finally, for this data set, we used the cosine similarity mea-
sure, since most of the data set is constituted by sparse
interaction data.

Each of these data sets is used to construct classification
models for a subset of 138 functional classes from the biolog-
ical process ontology of GO, that have atleast 10 members
in the corresponding data set. We chose these classes, since,
using expert opinion, Myers et al [19] have estimated that
the predictions made for these classes are likely to be testable
in a wet lab and thus are of interest to biologists. Another



Figure 5: Overall methodology for classification using label similarity-incorporated k-NN
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Figure 4: Original and filtered label similarity ma-
trices generated using one of the training sets from
Mnaimneh et al ’s data set (best seen in color)

important reason for the choice of these classes is that no
parent-child relationships exist between these classes, and
thus it is difficult to use hierarchical relationship-based ap-

proaches for these classes. Also, these classes are spread
throughout the ontology, and thus are suitable for illustrat-
ing the use of semantic similarity to improve predictions by
incorporating information from several distant but related
functional classes.

Table 1 shows the resultant number of proteins, features
and classes used in each data set, as well as the value of k

used in our classification studies (discussed below). Note
that we limited the genes/proteins considered in each of
these data sets to those annotated by at least one of the
classes considered.

Dataset # Proteins # Features # Classes k

Mnaimneh 4062 215 137 20
Rosetta 3980 300 137 20
Krogan 2117 2117 108 5

Combined 3762 4277 136 10

Table 1: Details of data sets used for evaluation

6.2 Experimental Methodology
Our overall experimental methodology is shown in Fig-

ure 5. Below, we discuss the details of the individual com-
ponents.

6.2.1 Computation of label similarity matrix
The first step of our experimental procedure is the con-

struction of the similarity matrix between the labels, or the
inter-relationship matrix between the corresponding classes,
for each of the above data sets. For each set of labels, the
original set of annotations are collected from the yeast GO
annotations downloaded from the GO website in February
2000. Each of the annotations is then propagated up the
biological process ontology, as per the parent-child relation-
ships, and the label matrix corresponding to the classes used
for each of the data sets is extracted from this complete
annotation set. Finally, Equation 1 is applied to all pairs
of labels in the original label set for each data set, in or-
der to obtain the final label similarity matrix. Note that
none of the test examples in a cross-validation setting is
used for computing this matrix. An example of the matrix
constructed from one training sets of Mnaimneh et al ’s data
set is shown in Figure 4(a).

6.2.2 Classification and evaluation
We followed a five-fold cross-validation procedure for our



Dataset Total # # Classes Average improvement Maximum
classes improved over all classes improvement

Mnaimneh 137 74 0.0219 (3.57%) 0.1882 (39.92%)
Rosetta 137 47 0.0083 (1.33%) 0.2091 (38.66%)
Krogan 108 30 0.0045 (0.63%) 0.1982 (31.82%)

Combined 136 59 0.0079 (1.02%) 0.1129 (20.39%)

Table 2: Statistics about comparative performance of base k-NN classifiers and their functional similarity-
incorporated versions

experiments. Here, for each protein p in the test set, Equa-
tion 3 is used to calculate the likelihood score for protein
p for each class c. Repeating this process for each protein
in each fold, using the other four folds as training sets, pro-
duces the global protein-label likelihood score matrix, which
can then be evaluated by computing an AUC score for each
label. Although the results reported in this section are based
on flve-fold cross validation, we obtained very similar results
with other fold configurations also. Also, the values of k cho-
sen for each data set, shown in the last column of Table 1, is
chosen in accordance with the density or the sparsity of the
corresponding data set. Thus, k is chosen to be high (20)
for the dense microarray data sets, low (5) for the sparse
protein interaction data set (Krogan), and an intermediate
value (10) for the combined dataset constructed by com-
bining both microarray and interaction data. However, we
obtained similar results for other values of k.

An important intermediate step in our method is the fil-
tering of the original label similarity matrix, which is imple-
mented as explained in Section 5.2. The use of leave-one-out
cross-validation for this procedure offers the important ad-
vantage of consistency of the filtering thresholds determined
across different folds. Figure 4(b) shows a filtered version
of the label similarity matrix shown in Figure 4(a). Clearly,
the former is significantly sparser than the latter, and re-
flects the biological intuition that a functional class does
not necessarily interact with all others.

6.3 Experimental Results
In this section, we compare the performance of the label

similarity-incorporate classifier with the base k-NN classi-
fier, and illustrate how the use of inter-relationships between
classes can help improve the accuracy of predictions made
over a set of target classes. Note that all the AUC scores
presented in this section are obtained as the average of fifty
five-fold cross validation runs of each classifier, unless oth-
erwise stated.

6.3.1 Improvement of performance for a large set of
classes

Table 2 lists specific comparative statistics about the AUC
scores obtained for all the classes using the base k-NN classi-
fiers and their label similarity-incorporated versions. As can
be seen, a non-trivial improvement is observed in the average
AUC score over all the classes for all the data sets, and the
maximum improvement on one of the classes is usually very
high. However, note that the incorporation of functional
inter-relationships is not expected to produce the same de-
gree of average improvement for all data sets, since for some
of them, the base functional content may be high for most
of the classes, and cases cited in Section 2 may not occur
substantially, thus making it hard to improve their predic-

tions using the label similarity approach. Also, it is hard to
obtain substantial improvements over the large set of diverse
classes used in our study.

We also examined the effect of our approach on the perfor-
mance of classification for each class individually. Figure 6
shows the comparison of performance of individual base k-
NN classifiers for each functional class, and their functional
similarity-incorporated versions for Mnaimneh et al ’s data
set. More specifically, the AUCs of individual k-NN clas-
sifiers for each class is plotted on the x-axis, while those
of the functional similarity-incorporated k-NNs are plotted
on the y-axis. Thus, the points above the y = x line indi-
cate an improvement in the AUC score of the corresponding
class, and vice versa. Using this interpretation, it is easy to
see from this plot that the performance of a large fraction
of the classes are improved by incorporating contributions
from similar classes. Another encouraging aspect of this plot
is that almost none of the classes suffers a major loss of pre-
diction accuracy due to the incorporation of label-similarity,
and in most cases, the difference can be accounted for by the
effect of randomization in the cross-validation process. This
implies that for those classes whose performance is invari-
ant, the label similarity filtering process (discussed in Sec-
tion 5.2) is able to infer that incorporating label similarity
is not appropriate for these classes, and does not identify ir-
relevant relationships in the filtered label similarity matrix.
This phenomenon is observed for the other data sets as well
(data not shown due to lack of space).
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Figure 6: Comparison of the performance of
hierarchy-based functional similarity-incorporated
k-NN classifiers with individual k-NN classifiers for
Mnaimneh et al ’s data set



6.3.2 Improvement of performance for small classes
One of the primary motivations for the incorporation of

label similarity into standard function prediction algorithms
is to improve the prediction accuracy for data-poor classes,
as discussed in Section 2. Our approach is expected to be
useful for this task, as, in our model, the small classes can
seek a contribution from classes of bigger sizes that have a
high semantic similarity with them. To test this hypothesis,
we selected classes of size at most 30 in all the data sets
being used, and analyzed the results obtained using label
similarity, as against those from basic classification. Table 3
provides detailed statistics about these results. Indeed, it
can be seen from these results that the improvements, both
in absolute terms and as a percentage of the average AUC
score of the base classifiers, for these classes are significantly
higher than the corresponding figures in Table 2. This shows
that the label similarity-based classification approach is in-
deed able to help improve the accuracy of the predictions
made over data-poor classes, for which it is hard to build
very accurate base classifiers.
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Figure 7: Comparison of the performance of
hierarchy-based functional-similarity incorporated
k-NN classifiers with individual k-NN classifiers for
small classes in Mnaimneh et al ’s data set

The class-by-class improvements for each small class in
Mnaimneh et al ’s data set is shown graphically in Figure 7.
While the performance of some classes is invariant (close
to the y = x line), several classes show a large improve-
ment in performance. In particular, we investigated the
class GO:0051049 (regulation of transport), which has only
11 members in Mnaimneh et al ’s data set, and shows the
maximum improvement of almost 40%. In order to identify
the classes that contributed to the improved performance of
this class (besides itself), we identified the classes that had a
non-zero semantic similarity with this class in the filtered la-
bel similarity matrix shown in Figure 4(b). Table 4 provides
details of the eight classes so found.

As can be observed from Table 4, all the classes con-
tributing to the improvement of predictions made over this
class are fairly large in size, and their high semantic sim-
ilarity with the target class enables the label similarity-
incorporated classifier to make use of the members of these

GO Term Definition Size Similarity
GO:0016192 Vesicle-mediated 328 0.4085

transport
GO:0016458 Gene silencing 100 0.4067
GO:0016481 Negative regulation 163 0.4317

of transcription
GO:0040029 Regulation of 100 0.4067

gene expression
GO:0045184 Establishment of 273 0.4014

protein localization
GO:0045941 Positive regulation 102 0.4143

of transcription
GO:0051052 Regulation of DNA 80 0.4058

metabolic process
GO:0051252 Regulation of 383 0.4743

RNA metabolism

Table 4: Details of classes most similar to
GO:0051049 (regulation of transport)

classes to acquire more information about the data-poor
class. Also, very interestingly, most of these classes are bi-
ologically related to the target class, since most of them
are related to the processes of transport (vesicle-mediated
transport and establishment of protein localization) and reg-
ulation (regulation of DNA metabolic process, regulation of
RNA metabolism etc). Thus, it is useful to incorporate such
relationships into the prediction process for small classes,
such as the one discussed in this example.

This deeper analysis supports our hypothesis that the la-
bel similarity filtering process is able to capture the most
meaningful relationships between functional classes in a given
label similarity matrix, and the label similarity-incorporated
classification process is able to utilize these relationships to
improve the predictions over individual classes.

6.3.3 Incorporating information in the whole GO bi-
ological process ontology

Unlike the hierarchical incorporation approach discussed
in Section 3, which focus on the subgraph of the functional
hierarchy corresponding to the target classes, one of the ad-
vantages of the direct incorporation of relationships into the
classification model is that relationships in the entire hierar-
chy can be incorporated into the classification model, while
holding the set of target classes constant. This can be done
by simply modifying the label similarity matrix to include
the semantic similarities between the target classes and all
the other classes in the hierarchy. Thus, instead of using
an n × n matrix of similarities, one can use a |l| × |L| ma-
trix, where |l| is the number of target classes, and |L| is the
number of all the classes in the hierarchy. The rest of the
approach, as shown in Figure 5, remains the same.

We tested this idea for Mnaimneh et al ’s data set, using
the GO biological process ontology as the source of all the
functional inter-relationships. Here, the matrix of semantic
similarities between the 137 target classes and all the 2395
non-empty terms in the biological process hierarchy is com-
puted from each training set in the five-fold cross validation
procedure. This matrix is then filtered using the training
set itself as described in Section 5.2, and the used to modify
the likelihood matrix produced by the base k-NN classifiers
for each of the 137 classes. The results of this experiment,



Dataset # Small # Classes Average improvement Maximum
classes improved over all small classes improvement

Mnaimneh 47 27 0.0358 (6.24%) 0.1882 (39.92%)
Rosetta 48 21 0.0225 (3.82%) 0.2091 (38.66%)
Krogan 40 14 0.0129 (1.89%) 0.1982 (31.82%)

Combined 48 28 0.0197 (2.72%) 0.1129 (20.39%)

Table 3: Statistics about comparative performance of base k-NN classifiers and their functional similarity-
incorporated versions on small classes

Total # # Classes Average improvement Maximum
classes improved over all classes improvement

All classes 137 71 0.0167 (2.65%) 0.2492 (53.93%)
Small classes 47 29 0.0363 (6.32%) 0.2492 (53.93%)

Table 5: Statistics about comparative performance of base k-NN classifiers and their functional similarity-
incorporated versions using information in the whole GO biological process ontology

generated using ten rounds of five-fold cross validation, are
summarized in Table 5, for all the classes and for the small
classes.

These results are comparable to those obtained from Mnaim-
neh et al ’s data set using only the target classes for iden-
tifying functional relationships. However, some results are
improved when the whole hierarchy is used, namely the aver-
age and the maximum improvement over the small classes,
showing once more that the small classes are able utilize
the label similarity matrix more effectively. On the whole,
these results indicate that while incorporating functional re-
lationships across the whole hierarchy is a potentially useful
method to make use of available information. However, it is
important to carefully identify the relationships to be uti-
lized due to the very large number (137 × 2395) of possible
relationships, many of which are expected to be uninforma-
tive. This task may need a more sophisticated methodology
than that used for only the target classes which had fewer
(137 × 137) possible relationships.

In summary, these results show that the incorporation of
direct relationships between functional classes constituting
the GO functional hierarchies, measured using a suitable se-
mantic similarity measure (Lin’s measure [16] in this study)
is a useful method for improving the accuracy of the pre-
dictions made over a set of target classes, particularly for
classes with a small number of member genes.

7. CONCLUSIONS AND FUTURE WORK
In this paper, we demonstrated the utility of idea of incor-

porating functional inter-relationships into protein function
prediction algorithms, in order to improve the predictions
made by them. We modeled these relationships using Lin’s
semantic similarity measure [16] and modified the commonly
used k-nearest neighbor classification algorithm in order to
seek contributions from other classes, weighted by their se-
mantic similarity with the target class. Results on several
large genomic data sets show that this approach is able to
improve the results for a large majority of the classes consid-
ered. In particular, a bigger improvement is seen for smaller
classes, which are otherwise harder to model and predict.

In future work, it will be useful to incorporate the con-
cept of functional similarity into SVMs, which do not have
the additive characteristic like k-nearest neighbor, and other

function prediction algorithms, such as FunctionalFlow [20]
for protein interaction networks, which are focused on spe-
cific types of data. Another important direction for our work
will be to carefully analyze the relationships between a set
of target classes with all the other classes in the hierarchy,
in order to incorporate more information into the classifiers,
while reducing the effect of spurious relationships. As noted
in Section 3, it was noted that incorporating both parent-
child and more distant relationships between classes into
function prediction algorithms will be required for making
optimal use of relationships constituting GO. For this, it
will be useful to integrate our framework with the Bayesian
network-based approach of Barutcuoglu et al [3] for enforc-
ing parent-child consistency between the results of standard
prediction algorithms. As an example of a possible method-
ology of integrating these approaches, distant functional re-
lationships could be incorporated first using our technique,
and then the resulting labels could be propagated hierarchi-
cally using the Bayesian network approach. Investigation of
such schemes will be a topic of future research.
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