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ABSTRACT

Motivation: The Gene Ontology (GO) project develops a stan-
dard way to describe gene products in terms of their associated
biological processes, cellular components and molecular func-
tions. However, itis far from complete. Due to lacking biological
knowledge or other technical difficulties, many gene pro-
ducts do not have GO annotations, and the annotations for
many other gene products are not specific enough to be
useful. Previous studies show that, to some extent, both
sequence similarity and expression similarity indicate functio-
nal relationship. The ability to infer unknown annotations or to
refine known (but not specific) annotations is fundamentally
important in discovery of various new biological knowledge.
Results: In this paper, we focus on gene expression data and
biological process annotations. The present work describes a
new probabilistic framework based on the GO hierarchy where
specific (biological process) annotations of genes are infer-
red from gene expression data. We apply the method to the
gene expression data of [5] and the GO annotations from Sac-
charomyces Genome Databag®GD). We show the results in
predicting (or refining) already known GO annotations under
leave-1-out cross-validation. By comparing the results with
previous non-generative models (such as kNN), we also con-
clude that genes having close annotations to each other in GO
are not necessarily more similar in expression data than genes
are further away. Additionally, we propose a new rank-based
distance metric which is provably more robust than well-known
metrics for gene similarity.
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1 INTRODUCTION

need for consistent descriptions of gene products, the Gene
Ontology (GO) project [4], among other efforts using control-
led vocabularies, organizes biological terms into three onto-
logies: cellular component, biological process, and molecular
function. The GO annotations are very powerful in searching
all available aggregated biological knowledge regarding spe-
cific topics, for example, finding all the gene products that
are involved in bacterial protein synthesis when searching for
new targets for antibiotics [4].

However, the Gene Ontology is far from complete. Many
genes discussed in the literature do not have GO annotations
due to lagged updates and many genes do not have speci-
fic enough annotations because of lack of related biological
knowledge. There is a great need to automatically iden-
tify unknown annotations or refine known (but not specific)
annotations, and thus to accumulate and discover biological
knowledge in a more systematic way.

The huge amount of gene express data make it possi-
ble to conduct gene annotation inference computationally.
Previous studies showed that genes with similar expression
profiles (under some conditions) have similar annotations in
GOJ9,7,2,10,8,17]. However, itis not yet clear whether, in
the DAG structure of the Gene Ontology, genes that have close
annotations to each other are more similar in expression than
genes are further away. To computationally prove/disprove
the validity of the above statement is also an objective of this
paper.

The GO annotations are organized in a species-independent
manner. The yeast genome has been well studied and thus its
GO annotations are relatively accurate and complete. To make
it easier to assess the methods, in this paper, we will focus on
the Saccharomyces Genome Datab&S€&D) annotations.

Rapid advancements in high-throughput methods for measu- Among the three GO ontologies (biological processes, cel-
ring levels of gene expression for tens of thousand of of geneilar components and molecular functions), for our analysis
in parallel have led to revolutionary changes in bioinformaticsof gene expression data, we only focus on Biological Process
research. The abundance of available microarray data en#! this paper. Molecular Function and Cellular Location are
bles us to conduct large-scale inference using computation&Pnventionally assumed to be more amenable to sequence-
approaches regarding the roles of genes and relations betweb@sed comparisons. For example, conserved motifs indicate

genes in cellular context.

how the protein interacts with other molecules, but not what

Biological knowledge of gene and protein role in cells is & biological process suggests. Similarly, common molecular
being accumulated in an explosive fashion. To address the
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function and cellular location are assumed to not necessdit the associated data. One the other hand, to observe the
rily be co-expressed. On the other hand, biological process&s0 hierarchical structures, the distribution distance between
may have reasonably high-correlated gene expression leveieighboring nodes should be small, more exactly, the distri-
Several previous studies [7, 2] also share this observation. butions with neighboring nodes should be close. Instead of
the ad-hoc distance metrics used in hierarchical clustering,
2 MATERIALS a natural choice of distance measure between distributions is
the Kullback-Leibler (KL) divergence, as used in the probabi-

In all experiments conducted in this paper, we use the 9Nfstic abstraction hierarchies (PAH) model [14]. Unlike in our

expression data collection described in [5], available on—Iinq, amework in which the “true path rule” of annotations is fol-
at http://genome-www.stanford.edu/yeast_stress/data.shtn?\’.We d, the PAH model generates a data points only foen

The datarepresent the normalized, background-corrected Io%af node of a hierarchy. There is a trade-off between fitting

values of the Red/Green ratios measured on the DNA microai- . . o . : . .
. : : - Individual distributions and making neighboring node close in
rays. Allmissing valuesin the dataset are estimated by us usi

n . . . ;

KNNimpute [16] with 17 nearest neighbors under Euclidean(%smbu.t'or." We mtroduc_:e a pe_nalty factbror distance b_et-
. . " . ween distributions of neighboring nodes, and treat the distance

distance metric. In total, we utilize the gene expression data

of 6,152 genes under 173 experimental conditions penalty as a prior of the hierarchy. Notation used in the model

We take the annotations in the SGD database distributed olﬁ shown in Table 1. . . .
Our model also share some insight of Bayesian Hierar-

February 15, 2006, and for consistent consideration, the DAG

structure of the Gene Ontology is directly constructed fromChlcal Clustering (BHC) [6], which constructs a binary-

the ontology definitions on February 15, 2006. For simplicity,m.ae structurgd _hlerarc_hy using BayeS|an hypothesis testing,
A N . : . without specifying a distance metric. The BHC model also
we do not distinguish “is_a” and “part_of” relationships. We . ;
- u .generates data points at every node in the path from the most
assume that the annotations also follow the “true path rule

L . SR pecific cluster to the root. However, any data point, in the
thatis, ifageneis annotated at a node, itisimplicitly annotate . ; :
. . HC model, is only allowed to be associated with onhe
at all nodes in the pathway from this node all the way up toleafcluster
its top-level parent(s). ' .
The term GO:0000004 (biological process unknown) was The PAH model m"?"”'y focuse; on 'ea”.‘ a better.tr(.ae
removed since itis not areal annotation. Many GO nodes havStrUCtured hlerar(_:hy msteg d of incorporating an ex_lstlng
X BAG-structured hierarchy like GO. For the purpose of infer-

no genes or only a few genes associated with them. Itis Of’[enng gene annotations, our framework is more flexible than the

the case that these nodes are not well studied. For simplicit)(jriginall PAH model in that we can ask multiple annotations

only the biological process GO terms associated with more . : .
. . . at arbitrary levels instead of one annotation at the leaf node
than 10 genes in the above dataset are considered. In this sz

. . : S Wadiel. More importantly, our framework defines a probabilistic
we end up with 725 GO terms, In comparison with PTEVIOUS ) ydel of the data which allows us to ask questions like how

studies (e.g., [17]), we study the problem in a much Iarge(Ne” the GO structures match the gene expression data. It can
scale (725 vs. 48 GO terms). " .

also be used to calculate the probability of a gene belonging to
any node in the DAG structures. When we have more evidence
3 METHODS on other genes that share the similar expression profile of the
We propose a Bayesian framework to conduct annotatiotest gene, we are able to infer more specific annotation(s) for
inference in GO from gene expression data. Unlike the preit; otherwise, only less specific annotation(s) are possible.
vious methods, the framework explicitly incorporates the A relatively general GO term might be the most specific
knowledge about the structures of the gene taxonomy intannotation only for a few genes that may have very different
consideration by assuming that genes that are closer in G@ene expression profiles, as reported in [11]. By allowing a
have similar expression data. Thus, we not only offer a nevgene’s expression value to be generated at all nodes in the
way to infer gene annotations in GO, but validate the assumppathway from its most specific annotation to the root, our
tion indirectly by comparing it with other models which do model naturally avoids the danger of overfitting and focuses
not take such an assumption. The DAG structures of GO andn all genes having corresponding annotations.
the fact that a gene may have multiple most specific annota- We learn the individual distributions at each node by
tions make it possible that there are generally multiple pathsnaximum likelihood estimation and simultaneously make
from the root to a gene’s most specific annotation(s). Traditiodistributions at close node close (smaller KL divergence in
nal data-driven clustering techniques do not respect either thiais paper). So we want to maximize thB{GO|Data)
GO structure or multiple annotations, and we need a modeP(DatdGO) P(GO).
that take both into account. Or equivalently,

In our framework, we associate a probabilistic distribu-

tion over gene expression profiles with each node in GO. On
one hand, we want to learn a good model at each node to
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Table 1. Notation used in this paper

SYMBOL DESCRIPTION

G number of genes that have annotations in GO

N number of nodes in the GO hierarchy

D number of experimental conditions

E all edges in the GO hierarchy

M, model (distribution) associated with thé"
node in the GO hierarchy

Gy number of genes having annotations in nade

S set of nodes that are neighbors of nade

|Sn] number of nodes that are neighbors of nade

€g expression of geng under all experiments

ag node(s) with the most specific annotation(s)
of geneg

In number of genes at node

A penalty factor for distribution distance

p a distance measure between the distribution
of two nodes (using symmetric Kdlistance)

GO My, M, ..., My

Data €1,€2, ..., €Q

J = logP(DatdGO) + logP(GO)

G
= > logP(eg|Ma,) = > Ap(M;, M;)
=1

(1,7)€EE

Next we define the concrete distribution at each nofle
and the distance measyse The dataset is & x D matrix
which encodes the expression level measurements daif-
ferent genes unddb different experimental conditions. For
our purpose, we need a continuous distribution ORét.

A basic choice is a multivariate Gau55|an with a diagonal T4 address the uneven regularity in the hierarchy

covariance matrix,P(e;|M;) = Hk 1 P(eix|M;r) where

Mjj, = Normal(yui., 0%, ) _ _ _
We take p as symmetric KL divergence, that is,

p(M;, M) = KLALMO)EKLMM) s not hard to show

that
D 2
KL(M;, M;) = (logy| =%
k=1 ol

. . 2,2
Ol + ORli, — OO — 205 ik fhjk + T30,

)

QU?kU?k
KL(M;,M;)+ KL(M;, M;
p(M;, M;) = ( ) 9 (M )
_ ZD: (05, — 0%)% + (05, + %) (i — 1)’
— 40ik0jk

If we assume that all Gaussian components have the equal
variances?, we can further simplify the above formula and
get:

| KLOMLM,) S RLOMLM,) (st~ 32)’
(M;, M) = ! Zk 1 T?J

Itis very satisfying to see thatis concave. To estimate the
parameters of the above model, we can simply use maximum
likelihood estimation by taking derivatives dfwith respect
to the parameters of the distributions at each node, due to the
convexity of—J. Iteratively, we can optimize the parameters
of eachM; given other parameters in a round robin fashion
until convergence. The convexity efJ guarantees that the
global maximum of J can be obtained. In each iteration, the
computation only involves the genesidt, andp for M; and
its direct neighbors (parents and children). Parameters can be
updated as follows:

G;
Djm1 €id T A pes, (054 + Tha) kd/ 207

Hid =
Gi+ XY opes, (02 +074) /207,
VG + 2 s, Aia/o?, — G
o5y =
¢ /\Zkesi 1/‘71301
Where, Ay = A .ics (kg + (mia — pra)®)/2 +

Zf;l(ejd—uid)z. If we assume that a#t?; equal an unknown
constant, the above formulae could be substantially simplified.

G;
Zj:l €jd + AD kes, Phd

As shown above, all update equations are in close form,
which makes the model inference highly efficient. In the non-
parametrickNN framework, to predict a gene’s annotation,
its distances to all genes need to be calculated. In our new fra-
mework, no matter how many genes there are in the training
set, only limited GO terms need to be visited for prediction.
More importantly, annotation prediction can be conducted in
an efficient batch fashion.

Hid =

we want
to introduce a prior to make Bayesian prediction by getting
a posterior distribution of a gene belonging to a node in the
hierarchy. In the paper, the prior we adopt is the normalized
counts of genes at each node in the hierarchy, with Laplace
smoothing, that is, the prior probability that a gene belongs to
anodeiis P(M;) = ﬁ To predict the annotations

of unknown genes, we can easily get the posterior probability
that it belongs to any node in the GO hierarcRyM;|e;)
P(e;|M;)P(M;). To make predictions, we can either select
the nodes with highest posterior probability (topN in Table 2)
or with posterior probabilities larger than a given threshold
(Threshold in Table 2).

4 RELATED WORK

There have been quite a few research works in gene func-
tion inference using computational methods. For example, a




Wang, Kulp and McCallum

learning technique based on rough sets [9, 7] is used to leartibPle 2. Annotation inference performance on SGD
simple rules for GO terms for genes of unknown function.
Their model allows learning and classification of multiple
biological process roles for each gene and can predict par-

Measures Bayesian (topN) Bayesian (ThresholegNN
A 0.7652 0.7768 0.7998

ticipation of genes in a biological process even though the RP 0.5676 0.6165 0.6335
genes of this class exhibit a wide variety of gene expression DA 0.4967 0.4944 0.5084
profiles including inverse co-regulation. bp 0.4392 0.4696 0.4773

The rule-based method performed well on some temporal
data which, however, are not nearly as common as stationary . . . . .
data. Many other works for stationary data include: [2] uses RAg is the ratio of annotations of a gene which get predicted
BLAST and mutual information to perform statistical tests (S|m|Iar;;) recall).RA, = [MA,|/|Ag|, whereM A, = {a €
and to provide accurate categorization; predicting human profflg\p € g a= .p}' -~ o -
tein functions has been reported [8] using supervised learnin RP, isthe ratio of correct predictions (similar to precision).
methods (support vector machines); Supervised neural ne 1P, = |MP,|/|P,|, whereM P, = {p € Pyla € Ay,p ~

works [10] andk nearest neighbors [17] are also presented’ DA ves th lative depth of the best predicti
in function annotation; some work in visualizing GO-based]c g ﬁlves tet_aver_a%e_ ret_a 'Vﬁ e% to'l de es tp:_e iction
clustering of gene expression data [1]; and so on. or each annotation, indicating how detailed annotations are

Among the above methods, thasNN method [17] gives pr%dliDcteQDAgh: Za@Ag ma)%eﬁqd(g’p)r/]‘]\?flg"h dicti
the best performance in inferring gene annotations in the lite- g glzj/es the alverage re at|ye ?F:jt. of ea(;] preh iction
rature. It first identifieg: nearest neighbors of the gene to be cOMpared to the closet annotation, indicating the coherence

annotated, and then calculate a representative score for ea(a[,LIiFEdICtIOI’IS.DPg = ZpePg ma)‘“.e“‘gd(a’pmMPg"
candidate GO term, which is a measurement of the taxonom nder leave-1-out cross-validation, we report avetiige
similarity between the GO term in consideration and the grou P, DA, and DP for all left out .genes. The results are
of annotated nodes. Finally; classes with highest represen- compared to thésNN method [17] in Table 2.

tative scores are selected to be the gene’s annotations. TwoAS shown in Table 2, the results for the new framework are

different taxonomy similarity measures are explored: pK-Tg"Ot as good as the ones for theNN method, but the results
[12] and SB-TS [17]. In all of:sNN experiments we conduct are still very competitive compared to other methods such as

for comparison in this paper, we use the experimental settingjle}based mEt_hods arr:d fiGtiral netvvor!<s. I\I/IIoreﬁ!mportintly,
recommended in [17] (SB-T%, = 20 andm — 3). ur framework is much more computationally efficient than

However, all the methods discussed here workforverylimi—kSNN and other method;. From the resglts above, we can
ted number of GO terms, ranging from a few to dozens 01sconclude that genes having close annotations to each other in

nodes, corresponding to level 2 and 3 in the GO hierarchy. (PO are not necessarily more sim_ilar in expression dat_a than
this paper, we study the problem in a much larger scale sogenesare further away, thus possibly the gene expression data
GO terms7and up to level 19 in the hierarchy " Tatanode can be modeled by a multi-modal distributions (e.g.,

mixture of Gaussians). We discuss possible improvements in
detail in Section 7.
5 EXPERIMENTAL RESULTS

Our method was evaluated on a data set provided by Gaséh A NEW DISTANCE METRIC FOR GENE

et al.[5]. Traditional accuracy measure is not appropriate here  SIMILARITY
since a gene may have several correct annotations/predictionshe ksNN method has given the best performance, however,
Also, because of the existence of the ontology taxonomy, thenere is still some space to improve within its framework. First,
basic precision/recall is not particularly good for our task,like all methods in the&cNN family, it is very prone to noise.
either. A prediction is possible to be partially correct, andparticularly, we know gene expression data are indeed very
taxonomy similarity (e.g., [12]) has to be incorporated into thenoisy. Some ways to deal with the noisy essence of the data
measurement. We adopt the criteria in [11] shown as followsgan be incorporated to improve the performance. Second, the
Let A, be the set of annotations of a gepeand P, be  uneven regularity in the GO hierarchy makes it difficult to
the corresponding set of predictions #arWe saya ~ pif  find a universal value fok good for all test genes. For certain
annotationz and predictiorp are on the same branch in the genes, there are simply not many close genes around them.
hierarchy;a = pif a ~ p anda is closer to the root thapin  Trying to get a fixed number of nearest neighbors not only
the hierarchy. Deptfa) is defined as the length of the shortestincreases the already expensive computation, but worsen the

path from the root ta. We also define: results by adding unnecessary far neighbors as well.
We can certainly adopt a scheme for varigbl@lues accor-
Depth(p)/Depth(a) if p = a ding to the gene expression profile and the similarity to all
d(a,p) = { 0 otherwise genes in the dataset. For example, we only take the genes
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Table 3. Annotation inference performance on SGD of #&NN method

= : . To GO hierarchy is based on the biological knowledge peo-
using different distance metrics

ple accumulated in a long history. A particular dataset is only

Measures Rank-based Correlation Pearson Correlationrelevam to some small part of the hierarchy. However, a data-

driven hierarchy can be learned without the knowledge of the
RA 0.8022 0.7998 . . . . . .
RP 0.6414 0.6335 GO hierarchy. Using the techniques in [13], it is possible
DA 0'5110 0.5084 to leverage the learned hierarchy into the GO taxonomy in
DP 0.4804 0'4773 various ways, e.g., as a prior.

Purely probabilistic clustering methods do not always pro-
duce meaningful clusters. For example, one might wonder
why two different regulated genes are placed in the same clu-

_ , ster, which mightimply unknown knowledge about the genes,
among thek nearest neighbors of gegewhosek’ nearest but, more often, are meaningless. By incorporating the know-

neighbors include geng to make sure the selected neighborsIeolge from the GO structure, we want to ask how “good” a
are indeed close to the test gene. We can also consider tQ '

?ustering is

; , X . .

union of thek 'nearest nelg'hbors of tHenearest neighbor As described in [5], the experimental conditions in the data-
of geneg, to give the algorithm an opportunity to evaluate

relatively not well studied GO terms. However, we will focus setwe used in this paper are far from independent. But almost
yne o T . all of the similarity measures treat them without difference.
on developing new robust similarity measures in this section

- : The simplest modification for that is to change the covariance
which is more fundamental and generally applicable to OtheFnatrix of Gaussians to be non-diagonal but it would become
problems in the field of bioinformatics.

. ; . troublesome when mixture of Gaussians is used. Previous
An extreme value in a gene expression profile may severel

S9 SWNorkin biclustering [3] has explicitly studied the dependency
chenge the score of 5|m_|lar|ty. The raljk-baseo! Top Sco_rm%f experimental conditions when building gene clusters. To
Pair (TSP) classifier [15] is a new machine learning technlqu%ur knowledge, there is no gene ontology consistent biclu-

which works entirely on relative gene expression values. Th%tering algorithm available yet. We plan to introduce some

TSP Cla..SSIerI‘ Is specifically designed to co.nduct PAIFWISE;milar idea into the frame work by examining the experiment
comparisons between any two gene expression levels, that '§’milarity thus some gene-dependent weighting scheme on
to classify experiments (tissues). Inspired by the TSP CIaSS'éxperiments can be implemented

fier, we introduce a new distance metric for gene similarity as For the purpose of reducing the influence of noise in gene

follows: 1) For each experimental condition, gene expressior;lxpression data, rank-based metric in Section 6 is an right
values are approximated by the ranks of them under that con- '

o ) way to proceed. We plan to combine the ranking idea with
dition; .2) Calculate the PeaTSO” cerrelatrdmetween enytwo clustering (particularly, in experiments) mentioned above to
genes in terms of rank profiles (distancé = r). Obviously, do better automatic gene annotation.
this metric is (monotonical) transformation invariant, so it can
be calculated directly on raw data, i.e., without normalization,
thus avoids additional noise often introduced in normalizatiorg  CONCLUSION
Fnrgt?gis;ﬁtl:oljuilzg g;/ Orfnrk?s,blﬁ:htgugﬂ?ﬁ:sueestgotr:(ea Zgg?g(}/ve have presented a new prepab|llet|c f_ramework based on
information about gene exbression values, the benefit ga he GO hierarchy Where specific (biological pro.cess) anno-

; o ' . ations of genes are inferred from gene expression data. The
ned from reducing the effect of noise is more noticeable an(i

. : . fficiently of the model makes it possible to handle datasets in

|mportt)an_t. Ads showr;] in Table 3’. COQS'StEmly _bettelr resultsa larger scale, with competitive performance. In comparison

g;?rglat?g;e using the new metric than the origina Pearso\pvith oth_er models, we aleo verified that genes having clese
' annotations to each otherin GO are not necessarily more simi-

lar in expression data than genes are further away. The new

rank-based gene similarity metric can substantially reduce

7 FUTURE WORK the influence of noise, and help achieve better annotation

In Section 5, we found out that genes having close annotatinference performance.

ons to each other in GO are not necessarily more similar in

expression data than genes are further away. The unimodal

Gaussian distribution assumed at each node is thus a drafd\CKNOWLEDGMENT
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