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Abstract—Genomic annotations describing the structural and
functional features of genes and gene products by means of
controlled terminologies and ontologies are extremely valuable,
in particular for computational analyses aimed at inferring
new biomedical knowledge, which usually rely on available
annotations. Yet, they are incomplete, especially for more recently
studied genomes, and only some of the available annotations
represent highly reliable human curated information. In order
to help and speed up the time-consuming curation process and
improve the available annotations, computational methods that
are able to provide a prioritized list of predicted annotations
are hence extremely useful. Starting from a previous work on
the automatic prediction of Gene Ontology annotations based
on the singular value decomposition (SVD) of the gene-to-term
annotation matrix, in this work we propose a novel predic-
tion algorithm that incorporates gene clustering based on gene
functional similarity computed by means of the Gene Ontology
annotations. We tested the prediction methods performing k-fold
cross-validation on the genomes of two organisms, Saccharomyces
cerevisiae (SGD) and Drosophila melanogaster (FlyBase). Results
demonstrate the effectiveness of our approach.

Index Terms—Annotation prediction; Singular Value Decom-
position; gene similarity metrics

I. INTRODUCTION

In molecular biology, new approaches are providing un-
precedented amount of valuable data that foster the increasing
relevance of molecular medicine in health care research and
practice. In particular, high-throughput microarray technolo-
gies allow quickly and simultaneously studying thousands of
genes and gene products. At the same time, advancements
in information technologies and biomedical informatics are
providing tools and techniques to manage the amount of
biomedical data produced, as well as many methods for
their analysis. In addition, biomedical domain experts are
increasingly annotating biomolecular entities, mainly genes
and their protein products, with controlled terminologies and
ontologies describing their structural, functional and pheno-
typic biological features. Currently, several controlled vocabu-
laries are routinely used to annotate genes and proteins. Some
of them have a flat structure, i.e. no explicit relationships
between the terms composing the vocabulary exist. Others are
part of ontologies, where semantic relationships are defined
between pairs of terms. The most widely used ontology
for annotating biomolecular entities is the Gene Ontology

(GO) [1]. It comprises three ontologies that hold a total of
nearly 26,000 controlled terms describing specie-independent
biological process (BP), molecular function (MF) and cellular
component (CC) attributes of genes and gene products. Each
GO ontology is designed to capture orthogonal aspects of
genes and gene products, and it is structured as a directed
acyclic graph (DAG) of terms hierarchically related mainly
through “is a” or "part of” relationships. An edge exists from
a child term a to its parent term b if a "is a” specific instance
of b or it is "part of” b. Furthermore, in each GO DAG it
exists a unique root, which is defined as the DAG node without
parents, and each term can have multiple parents.

Annotation databases contain the biological knowledge that
has been gathered over the years, and provide such valuable
data as public repositories. Despite their relevance, there
are important issues that affect annotation databases [2]. In
particular, first, the annotations are not exhaustive: only a
subset of genes and gene products of sequenced organisms
is known and, among those, only a small fraction has been
annotated so far. Furthermore, annotation profiles might be
incomplete, because the biological knowledge about the func-
tions associated with a gene or a gene product might be
yet to be discovered, or the evidence already available in
the literature has not been entered into the database yet.
Second, available annotations might be incorrect, e.g. those
inferred from electronic annotations without the involvement
of a human curator.

In this context, the contributions of computational tools able
to analyze data stored in annotation databases are manifold.
For example, it is possible to assess the relevance of inferred
annotations, or produce a ranked list of missed annotations
in order to speed up the curation process. Furthermore, since
most of the bioinformatics analyses currently performed on
genomic and proteomic data rely on the available annotations
of genes and gene products, an improvement of such annota-
tions both in quantity, coverage and quality is paramount to
obtain better results in these analyses.

A few years ago, King et al. [3] proposed the use of decision
trees and Bayesian networks for predicting annotations by
learning patterns from available annotation profiles. Recently,
Tao et al. [4] proposed to use a k-nearest neighborg (k-
NN) classifier, whereby a gene inherits the annotations that



are common among its nearest neighbor genes, determined
according to the functional distance between genes, based
on the semantic similarity of GO terms used to annotate
them. More simply, by using basic linear algebra tools,
Khatri et al. [5] proposed a prediction algorithm based on
the singular value decomposition (SVD) of the gene-to-term
annotation matrix, which is implicitly based on the count
of co-occurrences between pairs of terms in the available
annotation database. Since this last method provides the basis
for the work presented in this paper, it will be subsequently
summarized in Section II-A.

Missing annotations can also be inferred by taking ad-
vantage of multiple data sources. In [6] expression levels
obtained in microarray experiments are used to train a Support
Vector Machine (SVM) classifier for each annotation term, and
consistency among predicted annotation terms is enforced by
means of a Bayesian network mapped onto the GO structure.
Textual information is leveraged in [7] and [8], where the
literature is mined and the keywords extracted from published
papers are mapped to GO concepts.

By providing a list, possibly ranked, of annotations to be
checked by a manual curator, the aforementioned techniques
can drive the discovery of previously unknown annotations,
as well as the detection of inconsistencies in the existing
annotations. Furthermore, the updated annotation profiles can
help boosting the performance of data analysis methods that
rely upon them. These include, for example, querying for
genes based on their similarity with a target annotation profile,
or clustering genes based on their annotation profile [9] and
[10].

In this paper we propose a method for predicting anno-
tations of GO terms based solely on previously available GO
annotations. Although there are some sophisticated techniques
that predict gene functions leveraging other genomic data,
techniques based solely on the available annotations have been
demonstrated to be useful. Our first contribution consists in
extending and enhancing the method in [5], hereafter denoted
SVD method, by incorporating a gene (or gene product)
clustering algorithm based on the functional similarity be-
tween gene (or gene product) pairs. The proposed method,
denoted SIM (Semantically IMproved) method, computes a
separate set of eigen-terms for each identified cluster, while
the original SVD method computes a global set of eigen-terms.
We compare the SVD and the SIM methods by means of k-
fold cross validation on the predicted gene annotations of two
organisms, Saccharomyces cerevisiae (SGD) and Drosophila
melanogaster (FlyBase), and we demonstrate improvements in
the prediction of their GO annotations.

The rest of this paper is organized as follows. Section II-A
illustrates the SVD method, since it represents the starting
point for our work. Section II-B describes our proposed SIM
method. We present and discuss our results in Section III-B.
Section IV concludes the paper and provides some guidelines
for future research on this topic.

II. PREDICTION METHODS

A. SVD Prediction Method

Let Ay € {0,1}™*" define the matrix representing all direct
annotations of a specific GO ontology for a given organism.
The m rows of A, correspond to genes (or gene products),
while the n columns correspond to GO terms. The entries of
A, assume values from the binary alphabet {0,1} according
to the following rule:

. .~ _J 1, if gene i is annotated to term j
Ad(i,]) { 0, otherwise

Annotation curators are asked to always use the most specific
GO term for a given functional category. Thus, when a gene (or
gene product) is annotated to a term, it is implicitly assumed
to be indirectly annotated also to the more generic terms for
that category, i.e. all the term ancestors in the GO DAG. As
such, let A denote a modified gene-to-term matrix, where the
assignment of its entries is given by:

(D

if gene i is annotated to term j
A(i,j) = ’ or to any descendant of j (2)
0, otherwise

The i-th row of the matrix A, aiT, contains all the direct and
indirect annotations of gene i. Conversely, the j-th column
encodes the list of genes that have been annotated (directly
or indirectly) to term j. This process is sometimes defined as
annotation unfolding.

According to the work in [5], annotation prediction can be
performed by computing the SVD of the matrix A, which is
given by:

A=UxV’ 3)

where U is a m x p unitary matrix (i.e. UTU=1), X is a non-
negative diagonal matrix of size p X p, and V is a n X p unitary
matrix, where p = min(m,n). Conventionally, the entries along
the diagonal of ¥ (namely singular values) are sorted in non-
increasing order. The number r < p of non-zero singular values
is equal to the rank of the matrix A. For any positive integer
k < r, it is possible to generate a matrix A, with:

A=03V" (4)
where U (\7) is a m X k (n X k) matrix obtained retaining the
first k columns of U (V) and Sisakxk diagonal matrix
with the k largest singular values along the diagonal. A is the
optimal rank-k approximation of A, i.e. the one that minimizes
the norm (either the spectral norm or the Frobenius norm)
|A—A|| subject to the rank constraint.

In [5] it is argued that the study of the matrix A reveals
semantic relationships of the gene-function associations. A
large value of A(i, J) suggests that gene i should be anno-
tated to term j, whereas a value close to zero suggests the
opposite. As a matter of fact, the SVD of the matrix A is
equivalent to the method of latent semantic indexing (LSI) in
information retrieval, where the input is a matrix that contains
the occurrences of words in indexed documents.



In order to better understand why A can be used to predict
gene-to-term annotations, we point out that an alternative
expression of (4) can be obtained by basic linear algebra
manipulations:

A=AVV" (5)

Moreover, the SVD of the matrix A is related to the eigen-
decomposition of the symmetric matrices T = ATA and G =
AAT . In fact, the columns of v (ﬁ) are a set of k eigenvectors
corresponding to the k largest eigenvalues of the matrix T (G).
The matrix T has a simple interpretation in our context. In fact,

ZAlJl

i.e. T(ji,Jj2) is the number of times that terms j; and j,
are used to annotate the same gene in the existing annota-
tion profile. Therefore, T(j, j») expresses the (unnormalized)
correlation between term pairs and it can be interpreted as
a similarity score of the terms j; and j, computed solely
based on the use of these terms in available annotations. The
eigenvectors of T (i.e. the columns of V) can be considered
as a reduced set of eigen-terms. Intuitively, if two terms co-
occur frequently, they are likely to be mapped to the same
eigen-term. Based on (5), the i-th row of A can be written as

al =alvv? (7)

T(j1,)2) (i, J2) (6)

Thus, the original annotation profile is first transformed in
the eigen-term domain, while retaining only the first k eigen-
terms by the multiplication with V, and then mapped back
to the original domain by means of V’. This corresponds
to projecting the original vector aiT onto the k-dimensional
subspace spanned by the columns of V.

The entries of the matrix A are real valued. In [5] it is
defined a threshold 7 such that, if A(i, J) > 7, then gene i is
predicted to be annotated to term j. Depending on the original
values assumed by the matrix A, the following cases might
occur:

o« If A(i,j) =1 and A(i, j) > 7, the annotation of gene i to
term j is confirmed; this case is denoted as a true positive
(TP), with respect to the original A(i, j).

o If A(i,j) =0 and A(i,j) > 7, a new annotation is sug-
gested; this case is denoted as a false positive (FP), with
respect to the original A(i, j).

o If A(i,j) =1 and A(i,j) < 7, an existing annotation
is suggested to be semantically inconsistent with the
available data; this case is denoted as a false negative
(FN), with respect to the original A(i, j).

o If A(i,j)=0and A(i, j) < 7, the annotation is not present
in the original annotation database and it is not suggested
by the analysis; this case is denoted as a true negative
(TN), with respect to the original A(, j).

B. SIM Prediction Method

If an estimate of the term-to-term correlation matrix bet-
ter than the one implicitly adopted by the SVD method is
somehow available, it can be used to derive a different set

of eigenvectors potentially producing a better prediction by
means of (7). The SVD method adopts a global correlation
matrix T = ATA, which is estimated from the whole corpus
of available annotations. Instead, we propose an adaptive ap-
proach, which clusters genes based on their original annotation
profiles and estimates a set of distinct correlation matrices
T., ¢ =0,...,C, where C denotes the number of clusters
and Top = T. For each matrix T,, a corresponding set of
k eigenvectors V. is computed, originating C + 1 predicted
annotation profiles for the i-th gene:

Al —alVVT c=0,...C (8)

The selected predicted annotation profile a a . for the i-th gene
is the one that minimizes the variation, measured by means of
the ell-2 norm, with respect to the original annotation profile
of the gene:

c; = argmin ||4; . —a;||2 9)
c

c=0,..

We point out that when ¢ = 0, for the i-th gene this cor-
responds to the original SVD prediction method based on
the global correlation matrix T. In order to estimate the
correlation matrices T., we need to cluster genes based on
their functional similarity expressed by their annotations. To
this end, we can exploit the singular value decomposition of
the matrix A defined in equation (3) as suggested in [11]. In
fact, each column u. of the matrix U represents a cluster, and
the value U(i,c) indicates the membership of gene i to the
c-th cluster. Therefore, each gene might belong to more than
one cluster with different degrees of membership. We notice
that the columns of U are a set of eigenvectors for the matrix
G = AAT, where:

G(i1,ir) = a,2 ZA i1,J
i.e. the similarity between genes i; and i is measured by
the inner product of the annotation profiles. Since A is
binary-valued, G(iy,i) is the count of common terms in the
annotation profiles of genes i1 and .

A(i2, ) (10)

The estimation of T, proceeds as follows. First, for each
cluster, we generate a modified gene-to-term matrix:

A, =WA an

where W, € R™™ is a diagonal matrix with the entries of
u, along the main diagonal. Therefore, the i-th row of A is
weighted by the membership score of the corresponding gene
to the c-cluster. Then, we compute:

T.=ATA. (12)

A more accurate clustering can be obtained by incorporating
the functional similarity between GO terms. As an illustrative
example, consider two genes with the following annotation
profiles: aj = [1010], a/ = [1100]. Their similarity score as
computed by (10) is equal to 1, regardless of the fact that the
second and third terms might represent functionally similar

GO concepts. Therefore, we propose to perform the gene



clustering by computing the eigenvectors of the modified
matrix G = ASA” where:

Z Z A(i1, j1)

J1=1jp=1

G(i1, i) S(j1,j2) - Aliz, j2)

(13)
and S € R"" denotes the term similarity matrix. For the
previous example, the similarity score would be equal to
S(1,1) +S(3,1) +S(1,2) + S(3,2), i.e. the sum of the sim-
ilarity scores of all the possible combinations of terms used
to annotate the two genes.

Given a pair of ontology terms, j; and j,, the term func-
tional similarity S(ji,j2) can be computed using different
methods. Edge counting methods measure the term similarity
based on their distance expressed as the number of edges
between the ontology nodes associated with these terms. The
shorter this distance, the higher the similarity [12]. Variations
may define weights for the links (edges) according to their
position in the ontology [13]. Compared to edge counting
methods, information-theory methods [4] have been shown
to be significantly less sensitive to edge density variability,
which is generally present among different branches of a
bio-ontology. They consist of determining the amount of
information that two terms share in common. For each term
J» p(j) is the probability of finding j or a descendant of j in
the available annotations of the considered m genes:

P = L AG)

Hence, the information content of a term is equal to -log(p(j)).
These types of methods exploit the assumption that the more
information two terms share in common, the more similar
they are. Several similarity (or distance) metrics have been
proposed based on this approach [14], [15]. Here we adopt
the Lin’s similarity metrics [15], which is defined as:

2log p(LCA(j1, j2))
log p(j1) +1log p(ja)

where LCA(j1, j») is the least common ancestor of both terms
Jj1 and jp, i.e. among the ancestor terms in common to both
Jj1 and j, the one that has the least probability.

Our proposed SIM algorithm is summarized in Figure 1. In
the following section we compare the SVD and SIM prediction
methods.

Sa,2

(14)

S(jr,j2) = 5)

III. SVD vs. SIM COMPARATIVE ANALYSIS
A. Evaluation Method

We assessed the performance of the SVD and SIM methods
while varying the value of the threshold 7 by performing
K-fold cross-validation for each value of the threshold 7
as suggested in [3] and [4]. First, to improve performance
by discarding useless terms, we extracted a subset of the
matrix A columns corresponding to the terms used (directly or
indirectly) to annotate at least M genes. Then, we discarded
those rows corresponding to genes with no annotations left.
To the /i rows of the reduced st x /i matrix A, we applied

a random permutation, in order to eliminate any form of
correlation between genes mapped to adjacent rows. Then,
we divided the permuted matrix into K = 10 non-overlapping
partitions, each of size |/m/K| x 7. In each step of the K-
fold cross-validation process, one partition is considered as the
test set, while the remaining partitions constitute the training
set. For each gene-term pair (i,j) in the test set such that
A(i,j) = 1, we proceeded as follows:

« Discard the annotation in position (i, j) by setting to zero
the corresponding entry in the test set matrix.

« Discard all the annotations corresponding to the descen-
dants or ancestors of term j, by setting to zero the
corresponding entries in the test set matrix.

« For each annotation left of gene i to a term [ # j, restore
part of the discarded annotations by setting to one the
entries corresponding to the ancestors of .

o Let a7 denote the modified annotation profile obtained
after applying the previous three steps; if ﬁiT is non-zero
(i.e. at least one annotation has been left), perform the
prediction according to:

ﬁgVD,i =a/ VV’! (16)

AT T T
agy,; =a; Ver Vs a7
« Retain the j-th entry of the previous row vectors as the

prediction scores for the annotation of gene i to term j.

As for the SIM method, we evaluated two variants. In SIM1,
we set S =1, i.e. the clustering step does not rely on the
functional similarity between terms. In SIM2, the matrix S
is computed by means of the Lin’s metrics as described in
equation (15) in Section II-B. In both cases we heuristically
set a fixed number of clusters C =5 for all ontologies.

B. Evaluation Results

Figure 2 shows the results obtained, by varying the threshold
7, with the SVD and SIM methods applied to the prediction
of GO annotations of Saccharomyces cerevisiae (SGD) genes,
starting from annotation data available in November 2009. Let
FN, FP, TN and TP indicate the number of false negative,

1) Compute the term functional similarity matrix S

2) Compute the gene-similarity matrix G = ASAT

3) Compute a set of eigenvectors u., c=1,...,C corre-
sponding to the C largest eigenvalues of G

4) ﬁlTO = aTVVT

5) forc=1:C
a) A.=W.A, W, =diag(u,)
b) T.=ATA,

¢) Compute a set of eigenvectors V.. corresponding
to the k largest eigenvalues of T,
d) a7 —alV.V7
6) cf = argmlnL 0

¢ = clldic—aill2
7) af =al V..V,

Fig. 1. Overview of the SIM algorithm.
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Fig. 2. False negative (FN) rate vs. false positive (FP) rate obtained by varying the threshold 7 in predicting the GO annotations of Saccharomyces cerevisiae
(SGD) genes. a) BP: Biological Process, b) MF: Molecular Function, ¢) CC: Cellular Component GO ontologies.
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(FlyBase) genes. a) BP: Biological Process, b) MF: Molecular Function, ¢) CC: Cellular Component GO ontologies.

false positive, true negative and true positive annotations,
respectively, as defined at the end of Section II-A. The curves
depict the trade-off between the false negative rate (FN /
(TP + FN)) and false positive rate (FP / (FP + TN)) of
annotations, when the prediction is performed using the first
k = 40 eigenvectors of the available annotation matrix A
(with k = 40 heuristically chosen after preliminary results).
In the matrix A we heuristically retained GO terms used to
annotate at least M = 3 genes of the considered organism and
excluded annotations with evidence code IEA (inferred elec-
tronic annotations). Similar results are shown in Figure 3 for
the prediction of GO annotations of Drosophila melanogaster
(FlyBase) genes. Table I shows the number of genes and terms
retained for each GO ontology, i.e. the size of the matrix A.

As an aggregated indicator of the prediction performance,
we computed the area above the FN rate vs. FP rate curve

TABLE I
NUMBER OF ANNOTATED GENES (771)) AND GENE ONTOLOGY TERMS (77)
CONSIDERED FOR PREDICTION WHEN ONLY TERMS ANNOTATING AT
LEAST M GENES ARE RETAINED. BP: BIOLOGICAL PROCESS, MF:
MOLECULAR FUNCTION, CC: CELLULAR COMPONENT GO ONTOLOGIES.

BP MF CcC
M m il m 7l m il
3 1278 482 313
SGD 10 5351 307 4329 261 5498 235
. 3 1683 594 302
FlyBase 10 6731 1084 6907 330 4740 o1

(AAC) in the [0,0.01] range, for both Saccharomyces cere-
visiae and Drosophila melanogaster. In fact, we are typically
interested at the low range of FP rate, since it corresponds
to top-ranked predictions of newly inferred annotations (FP)
with the highest score. The AAC metrics is bounded in the
[0,1] interval, where a value close to 1 implies more accurate
predictions. We also repeated the experiment by varying the
number of retained GO terms used to annotate at least M
genes, heuristically considering M =3 and M = 10, and
varying the number k of retained eigenvectors, heuristically
considering k = 20 and k = 40. In all cases, we computed
the AAC metrics considering only the prediction of GO terms
with depth from the root of the ontology greater than either
2 or 6. By considering the latter case, we can demonstrate
the capability of predicting more specific terms. We notice
that the maximum (average) depth of the ontology terms used
by the prediction algorithms for the two considered organisms
(SGD and FlyBase) in the three GO ontologies is 11 (5.58) for
SGD and 14 (5.32) for FlyBase Biological Process, 12 (4.30)
for SGD and 12 (4.43) for FlyBase Molecular Function, 13
(7.47) for SGD and 12 (6.92) for FlyBase Cellular Component
ontologies, respectively. For both considered organisms, most
of the GO terms are distributed between a depth of 3 and
9 from the ontology root. Using the AAC metrics, Table
IT shows that the SIM method generally outperforms the
SVD method for all GO ontologies and tested organisms:
only in 10.42% of the cases the SVD method was better
than, or equal to, the SIM method. In most cases, SIM2



TABLE 11
AREA ABOVE THE CURVE OF FALSE NEGATIVE (FN) RATE VS. FALSE POSITIVE (FP) RATE OF THE GO ANNOTATIONS AT GO LEVEL GREATER THAN 2
(L2) AND 6 (L6) PREDICTED WITH DIFFERENT METHODS WHEN ONLY TERMS ANNOTATING AT LEAST M GENES ARE CONSIDERED FOR PREDICTION. A)
SGD, B) FLYBASE; BP: BIOLOGICAL PROCESS, MF: MOLECULAR FUNCTION, CC: CELLULAR COMPONENT GO ONTOLOGIES; K: NUMBER OF
EIGENVECTORS OF THE CONSIDERED ANNOTATION MATRIX RETAINED FOR PREDICTION.

(a) ()

BP ME cC BP ME cC
M method k12 16 12 16 12 16 M mehod & 12 16 12 16 12 16
sp 20 058 035 047 051 039 050 op 20 056 050 057 065 037 046
40 065 057 057 060 032 051 40 060 056 063 073 037 054
s gy 20 064 053 056 064 041 060 o o 20 060 054 059 070 039 0.56
40 070 061 052 061 037 056 40 066 064 063 074 035 055
spp 20 064 050 059 070 037 056 spp 20 060 051 061 073 040 054
40 071 062 055 062 036 0.60 40 067 066 064 074 034 055
op 20 053 034 043 049 035 043 ovp 20 049 045 051 057 03[ 040
4 060 053 053 059 031 047 40 058 056 059 070 033 047
20 062 052 050 056 043 0.56 20 058 056 054 065 038 045
10 SIML 4 065 060 046 039 039 056 0 SIML 5 065 066 047 060 032 050
s 20 063 052 054 065 037 053 snp 20 056 053 057 065 038 046
4 067 058 049 047 035 0.56 40 065 062 059 070 038 052

outperforms SIM1 (in 53.12% of cases SIM2 was better than, REFERENCES

or equal to, the SIM1 method), showing that clustering based
on the functional similarity between terms might be beneficial.
Nevertheless, most of the performance gain between SIM
and SVD stems from the adaptive nature of SIM, regardless
on how clustering is actually performed. In fact, the SVD
method, which computes similarities between clusters in terms
of frequency of co-annotation, is bound to be biased towards
the larger clusters, since it is unnormalized. The SIM method
counterbalances such a bias with its adaptive approach of
clustering genes (or gene products) according to their original
annotation profile. A similar analysis was conducted on the
GO annotations of other organisms, including Homo sapiens,
showing comparable results.

IV. CONCLUSIONS

In this paper we propose to extend and enhance an annota-
tion prediction method, based on the computation of the SVD
of the gene-term matrix, by taking into account clustering of
genes (or gene products) based on their annotation profiles.
Experimental results on the GO annotations of the genes of
SGD, FlyBase and other organisms confirm the effective-
ness of our proposed approach. Future work will address
advantages and issues related to the annotation prediction by
considering all GO ontologies jointly instead of independently,
in order to take advantage of potential correlations existing
between them. Furthermore, since our approach is not bounded
to the GO but can be applied to any ontological annotations,
increasingly available multiple annotations of genes and gene
products from different ontologies could be jointly considered
to further improving prediction reliability. So far, results have
been validated using an objective metrics computed by means
of cross-validation. We plan to further verify the effectiveness
of the proposed methods by assessing the quality of the top-
ranked predictions by means of an expert.
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