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Abstract— During the last years, high throughput experi- [1] or as a visualization tool [6]. Only a few approaches
ments have become very popular. During the analysis of such ytilize its structure for computation. Many methods are

?heil;a ;ggere‘jfe f%rro?)ggencgfg‘f")ir?groggggsOgc%%rr‘g; garitiesthéﬂ scoring techniques describing a list of genes annotatel wit
biological function by means of kernel functions which are GO terms [2, 6, 9, 14, 20, 23, 31]. . .
similarity measures having special mathematical properis To our best knowledge, so far there exist no clustering

and play a crucial role e.g. in SVM classification. Thereby based methods that produces a biologically plausible func-
our kernel functions rely on functional information on the  tjonal grouping of genes just based on the GO despite those
genes provided by Gene Ontology annotation. We investigate proposed in our earlier publications [27, 25, 28, 26]. In

and compare several provably symmetric, positive semidefite thi trat functi [ similarit
kernel functions in combination with spectral clustering, dual k- IS paper we concentrate on functional simiiarity measure

means and average linkage and demonstrate that our approach between genes, which are provably symmetric and positive
leads to good clustering results. semidefinite kernel functions [22]. Such kernel functiotas/p

a crucial role in kernel based learning methods, e.g. like th
well known SVM [30], dual k-means [24] and many others.
Modern DNA microarray analysis has lead to an enormousormally, any kernel function can be understood as a dot
and fast collection of experimental data, which has to bgroductk(z,2’) = (¢(x), #(z')) between a pair of objects
analyzed to gain insight into biological processes. Therely, 2/ in some feature spadé to which the data lying in input
different techniques are applied. Sometimes statisties agpacet is mapped via the function : X — H. It is known
used to find significantly regulated genes. Other methodsat a functionk is a kernel if and only if the kernel matrix
cluster genes according to their expression profiles [7¢ ThK = (k(z;,2;);;) computed on a set of objecfs;} Y, is
hypothesis is that genes with expression pattern sinyil&it symmetric and positive semidefinite [22, 24].
known genes involved in the examined biological process, Given an appropriate kernel function as a special simjlarit
may play a role in the process, too. In both cases, researchgfeasure, we can cluster genes according to their biological
often end up with long lists of interesting candidate genefinction, for instance by spectral clustering [18], dual k-
that need further examination. At this point, a second step fneans [24] or average linkage. We investigate several pos-
almost always applied: biologists categorize these gemesdible kernel functions and highlight their advantages and
known biological functions and thus try to combine a purgjisadvantages.
numerical analysis with biological information. In thisgea, The organization of this paper is as follows: a brief
we address the problem of finding functional gene clustefgtroduction to the Gene Ontology is given in section II.
just based on Gene Ontology (GO) terms. The advanta@ction Ill explains the proposed kernel functions in detai
of such a method is that no prior knowledge about relevarmteir performance on real world datasets is shown in section

pathways is necessary except a mapping from genes to ie Finally, in section V we conclude.
GO. The latter is often available in public databases.

While GO analysis is an increasingly important field, Il. THE GENE ONTOLOGY
existing techniques suffer from some weaknesses: ManyThe Gene Ontology (GO) is one of the most impor-
methods consider the GO simply as a list of terms, ignoringant ontologies within the bioinformatics community and
any structural relationships [2, 9, 20, 23, 31]. Others régais developed by the Gene Ontology Consortium [29]. It
the GO primarily as a tree and convert the GO graph into i@ specifically intended for annotating gene products with
tree structure for determining distances between nodds [14 consistent, controlled and structured vocabulary. Gene
Again others use a very simple distance measure that religioducts are for instance sequences in databases as well as
on counting path lengths [13]. This is a delicate approadfeasured expression profiles. The GO is independent from
in unbalanced graphs like the GO, whose subgraphs haggy biological species. It represents terms in a Directed
different degrees of detail. Besides, such a distance doggyclic Graph (DAG), covering three orthogonal taxonomies
not depend on the distribution of terms in the datasebr "aspects":molecular function biological processand
Therefore it may not be feasible for clustering, because #ellular componentThe GO graph consists of over 19,000
may be impossible to resolve different clusters, if the daterms (as of October 2005), represented as nodes within
concentrates on a subgraph of the GO. The aim of manle DAG, connected by relationships, represented as edges.
methods is primarily either to use the GO for preprocessimgerms are allowed to have multiple parents as well as

N - - _ .. multiple children. Two different kinds of relationship eki
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Fig. 1. Relations in the Gene Ontology. Each node is anrbtaith a There are a couple of semantic similarity and distances
unique accession number. measures of different complexity [4], most of them were

originally developed for taxonomies like WordNet. In this
paper we use a similarity measure based on the information
content of each GO term [19]. The information content of
of cell differentiation). a term is defined as the probability with which this term or

Providing a standard vocabulary across any biologic@"Y Chilql term occurs ip a dataget. Following the notation in
resources, the GO enables researchers to use this informatf?formation theory, the mformaﬂon conteri() of a term¢
for automatic data analysis done by computers and not 5" P& quantified as follows:

humans. 1C(¢) = —log P(t)
IIl. METHODS

"part-of" relationship fegulation of cell differentiations part

whereP(t) is the probability of encountering an instance of
A. Gene Ontology based Kernel Functions between Genegrm +.

Our goal is to cluster genes according to their function. In the case of a hierarchical structure, such as the GO,
Hence, we need some similarity measure, which in owhere a term in the hierarchy subsumes those lower in the
case will be a kernel function. However, the problem whehierarchy, this implies thaP(¢) is monotonic as one moves
comparing two geneg and g’ is that each gene can havetowards the root node. As the nodes’ probability increases,
multiple functions, i.e. it can be mapped on different nodeis information content or its informativeness decreasés.
in the GO graph. On the other hand, each node in the G©ot node has a probability of 1, hence its information
graph can correspond to multiple genes. Hence, we need@ntent is 0. As the three aspects of the GO are disconnected
way to comparey and ¢’ with annotated lists of GO terms subgraphs, this is still true if we ignore the root noG=(e
t1,...,t, @andt}, ...t . Assumed we already have a kernelOntology GO:0003673) and take, e.gojological process
functionkr comparing two GO termsandt’, then a way of (GO:0008150) as our root node insteaBl(t) is simply
comparingg and g’ is to assign each term in the smaller ofcomputed using maximum likelihood estimation:
both lists to exactly one term in the longer one such that the

A - : freq(t)
sum of term similarities is maximized. Formally this can be P(t) = —>+~
formulated as follows: Letr be some permutation of either N
ann-subset of natural numbefs, ..., m} or anm-subset of whereN is the total number of terms occurring in the dataset
natural numberg1, ...,n} (this will be clear from context). and fredt) is the number of times termor any child term

Then we are looking for the quantity of ¢t occurs in the dataset.
The similarity of two termst,¢ can then be defined as
ko) { mass Sy kr(tisthy) i m>n o TOIOWS
9.9)= m i A
maxy iy kr(te), t5) - otherwise kr(t,t') = —log_min P(f) = —log Pus(t,t))  (2)

The computation of (1) corresponds to the solution of the tePa(t,t))

classical maximum weighted bipartite matching (optimalvhere Pa(t,t') is the set of parental terms shared by both
assignment) problem in graph theory and can be carried ouind¢'. As the GO allows multiple parents for each term,
in O(max(n,m)?) time [17]. To prevent that larger lists of two terms can share parents by multiple paths. We take the
terms automatically achieve a higher similarity we shouléhinimum P(%), if there is more than one parent. This is

further normalize the kernel [22] called P,,,, for probability of the minimum subsumgt6].
) k(g,q") Note that due to the nature of the GO graph topology we
knorm(9,9") = — haveVt,t' : P, (t,t') > P(t), Pns(t,t') > P(t'), because
k(g,9)k(g',9") the common ancestor efand# must be higher or equal in

Although it can be shown thdt,,,.,, is positive semidef- the graph hierarchy than each of them. Furthermore, it has
inite for each pair of geneg, ¢’ [8], in general the resulting been shown by Ben-Hur and Noble [3] that is a symmetric
similarity matrix K is not. A simple way to address this and positive semidefinite kernel with respect to the iniinit
problem is to shift the spectrum of the kernel matrix bynorm in annotation space.



There is an interesting connection to a distance measure
between two termg,¢ that was developed by Jiang and

Conrath [12]:

TABLE |
MEAN SILHOUETTE INDICES FOR THE EMPIRICAL KERNEL MAP
WITHOUT (EKM) AND WITH PCAPREPROCESSINGEKM+PCA)AND
THE OPTIMAL ASSIGNMENT KERNEL COMBINED WITH TERM KERNEL(2)

d(t,t') = 2logPys(t,t") — (log P(t) + log P(t')) (3) (OA-TERM). FIRST HALF OF TABLE: DATASET |, SECOND HALF
— kT(f t) o 2k'T(f t/) + kT(t/ 2L/) DATASET Il; SPECTRAL= SPECTRAL CLUSTERINGAL = AVERAGE
] ] » Y
LINKAGE
C. Empirical Kernel Maps for Genes
. . Method EKM EKM+PCA | OA-T

A different type of GO based kernel construction for genes | Speect(:al | = | o0t | 5 ieorTg |
was mtroduged by the authors in [25]: For each gene Kkmeans| 04033 | 051024 | 016015
annotated with a set of GO ternts,...,t, we construct AL 0.38£0.24 | 0.47£0.26 | 0.24£0.21
a feature vectorp,(g) relative to a set of prototype genes spectral | 0.46 £ 0.24 | 0.54 £ 0.25 | 0.22 £ 0.21

_ T i k-means| 0.4 +0.24 0.5+£0.25 | 0.16 +0.17

= where each prototype geng is also
P = (P, PN) brototype gene AL | 033£024 | 040£0025 | 021 £0.21

annotated with a set of GO termyg, ..., t},, :

dp(9) = (di(g,p1),- -, dn(g, )7, 4)

with d;(g,p;) denoting the minimal distance according toexamined the transcriptional profiling of human fibroblasts
(3) between the set of GO terms of gepeand those of during cell cycle using microarrays [5]. Duplicate experi-

the prototype geng;. This leads to the so calleeinpirical ments were carried out at 13 different time points ranging
kernel map[22]: from 0 to 24 hours. Cheet al. found 388 genes whose

, , expression levels varied significantly. Hvidstetnal. provide
k(g,9') = (¢n(9), &p(9))- (5) " a mapping of the dataset to GO [10]. 233 of the 388 genes
In the simplest case the set of prototype genes are just ahowed at least one mapping to the Glogical process
genes from our dataset. The advantage of this approacttis tfexonomy and were thus used for clustering.
this way more information is incorporated into the kernel
The obvious disadvantage, on the other hand, is that
have a large number of features, which makes this approachWe compared clustering results of the empirical kernel
impractical for larger datasets, because in this case #terfe  map (5) with and without performing PCA preprocessing
vectors become very high dimensional. A possible solutiotEKM / EKM+PCA) and the optimal assignment kernel
to this problem would be to perform PCA on the feature€ombined with the term kernel (2) (OA-Term). Clusterings
vectors before applying the clustering. were computed by the spectral clustering algorithm of Ng

Similar to above, one should normalize the feature vectogt al. [18], by dual k-means [24] and average linkage.

Results

to norm 1. Thereby for the k-means we used 50 restarts with random
IV, EXPERIMENTS injtiali;ation and returnqd the clustering with the minima

: distortion. Clusters, which became empty during the op-
A. Datasets timization process, were reinitialized with the point lggin

One possible scenario where researchers like to grofgrthest from its centroid.
a list of genes according to their function is when they In case of the feature vector representation (4), for the
examine gene expression with DNA microarray technologgpectral clustering we employed the usual embedding via an
afterwards apply some filtering or statistical analysisend RBF kernel of widthos. The parametes was tuned in the
up with a list of genes that show a significant change in thefienges /4, ..., 46 such that the relation between the within-
expression according to a control experiment. Therefoee, veluster-distortion and the between-cluster-distorti@edme
chose two publicly available microarray datasets, anadtatminimal. Thereby we set such thatexp(—D/(262)) =
the genes with GO information and used them for functiondl.01 (D = dimensionality of the feature vector). For the
clustering. PCA preprocessing we extracted so many principal com-

The authors of the first dataset (denoted as datasetppnents such that at least 95% of the total variance could
examined the response of human fibroblasts to serum be explained. This lead to just 17 principal components for
cDNA microarrays in order to study growth control and celdataset | and 15 principal components for the dataset .
cycle progression. They found 517 genes whose expressionlo evaluate our results we computed the mean silhouette
levels varied significantly, for details see [11]. We usegsth index [21] of the clusterings. As one can see from table |,
517 genes for which the authors provide NCBI accessiotomparing the three kernel functions, the mean silhouette
numbers. The GO mapping was done using GenelLynx [15hdices for the empirical kernel map on average are a little
After mapping to the GO, 238 genes showed one or motat better than those for the OA-Term method. Thereby
mappings tdbiological proces®r a child term ofbiological the EKM+PCA approach gives the best results, but the
process These 238 genes were used for the clustering. differences are not significant. To further validate ounhess

In order to study gene regulation during eukaryotic mitowe plotted the individual silhouettes for 15 clusters. Doe t
sis, the authors of the second dataset (denoted as dafasethé limited space we are only showing the silhouette plots
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Fig. 2. Silhouette plots obtained by the dual k-means dlimgeusing

AA053173
EKM (first row), EKM+PCA (second row) and OA-Term (third rovigpr

cholesterol biosynthesis
steroid biosynthesis

dataset | (first column) and dataset Il (second column). AAOS3331

cholesterol biosynthesis

AA053461

asparagine biosynthesis
glutamine metabolism

AA054956

fatty acid biosynthesis

for the dual k-means algorithm with all three kernel funoo —zz5=7761

glycolysis

(fig. 2). The pictures underline the impressions of the ayera —AA053028
silhouette indices.
Comparing the three different clustering methods, average

cholesterol biosynthesis
cholesterol metabolism
germ-cell migration
gonad development

linkage tends to produce clusterings having a few clustersi12318
with very many genes in it (e.g. a cluster containing half

fatty acid beta-oxidation
fatty acid metabolism

of the genes of the dataset) and many clusters with onI;)'|63779
very few genes. Spectral clustering sometimes also tends to
produce very huge clusters, but less extreme than average

central nervous system development
epidermal differentiation

lipid metabolism

peripheral nervous system development

fatty acid biosynthesis

linkage. In contrast, dual k-means produces more balancnt‘;g;gi
clusters, which seems more natural (see fig. 2).
Besides, we examined all clusters of all clusterings in

neurotransmitter biosynthesis and storage
nitric oxide biosynthesis
phenylalanine catabolism

N35315

amino acid metabolism

more detail by looking at the actual GO annotations. Due
to space limitations we cannot show all clusters found by

N91268

lipid metabolism
steroid biosynthesis

all methods and for both datasets. Therefore, we confind00824

L-serine biosynthesis
L-serine metabolism

fatty acid desaturation

ourselves to show some selected examples. In general, thr?lzses
detailed analysis of all clusters confirmed our resultsaalye —Rgoogs

indicated by the results of the silhouette indices. Thenogti

aerobic respiration electron transport
tricarboxylic acid cycle

electron transport

assignment kernel produces a little less compact clusterd40987

uroporphyrinogen [l biosynthesis

than the two feature vector-based kernels in combinatior‘wgggcl);
with dual k-means, however, it has the advantage of being

fatty acid beta-oxidation
fatty acid metabolism

computationally less expensive for large datasets and als@#/91979

cholesterol biosynthesis

more straight forward.
Tab. 1l shows a cluster that was identically found by both

EKM-based methods (with and without PCA) and k-meanghe optimal assignment kernel (tab. Ill) additionally cains
whereas tab. Il shows the corresponding cluster that waenes related to RNA processing (marked in bold).

found using the optimal assignment kernel combined with k- Another example are the clusters shown in tab. IV - VI
means. Both clusters contain genes, that are annotated witlund by k-means combined with the optimal assignment
GO terms related to metabolism, but the cluster found biernel (tab. 1V) and the empirical kernel map (EKM) with



TABLE IlI TABLE IV

A CLUSTER WITH GENES RELATED TO METABOLISM ANDRNA A CLUSTER WITH GENES RELATED TODNA REPLICATION (FROM
PROCESSINGFROM DATASETI|) FOUND BY K-MEANS+OA-TERM. DATASET |I) FOUND BY K-MEANS + OA-TERM.
Probe ID | Gene Ontology terms Probe ID | Gene Ontology terms
AA010407 | RNA processing D16562_at | energy pathways
AA011388 | biotin metabolism D26018_at | DNA dependent DNA replication
fatty acid biosynthesis D26535_at | energy pathways
AA025800 | L-serine biosynthesis D38073_at | DNA replication initiation
AA026314 | tetrahydrobiopterin biosynthesis D50370_at | nucleosome assembly
AA035360 | regulation of transcription, DNA-dependent D79984_at | chromatin assembly/disassembly
AA039466 | fatty acid biosynthesis regulation of transcription from Pol Il promoter
AA045181 | C21-steroid hormone biosynthesis LO7541_at | DNA strand elongation
cholesterol metabolism M87339_at | DNA strand elongation
lipid metabolism U20980_at | DNA replication dependent nucleosome assembly
mitochondrial transport protein complex assembly
steroid metabolism U28413_at | DNA repair
AA045372 | cholesterol biosynthesis U28749_at | establishment and/or maintenance of chromatin
isoprenoid biosynthesis architecture
steroid biosynthesis regulation of transcription, DNA-dependent
AA053173 | cholesterol biosynthesis development
steroid biosynthesis X55740_at | DNA metabolism
AA053331 | cholesterol biosynthesis X62153_at | DNA replication initiation
AA053461 | asparagine biosynthesis X74331_at | DNA replication, priming
glutamine metabolism Y00764_at | electron transport
AA054956 | fatty acid biosynthesis oxidative phosphorylation
AA055585 | regulation of transcription, DNA-dependent aerobic respiration

AA056338 | ribosome biogenesis
rRNA processing
H12318 fatty acid beta-oxidation

fatty acid metabolism algorithm such as dual k-means to automatically group genes
H27557 regulation of transcription, DNA-dependent with regard to their function. We found that the kernel
H70783 | fatty acid biosynthesis function based on an empirical kernel map combined with
N35315 amino acid metabolism . f the f lead light]
NA7794 RNA catabolism a PCA preprocessing of the feature vectors leads to slightly
NO1268 Tipid metabolism better clustering results than without PCA preprocessim a
— itefo'_d b'bqsymhtﬁs's_ than the optimal assignment kernel in combination with a

-serine pblosynthesis . . .

L-serine metabolism kernel comparing pairs of GO terms. When evaluating the
R00377 RNA processing GO annotation in detail, both feature map based kernels seem
R12563 fatty acid desaturation to lead to more compact clusters than the optimal assignment
Eig%gg :eRgl\f/LatF')‘r’gcg‘;;ﬁgscr'pt'O”’ DNA-dependent kernel. However, the more direct optimal assignment kernel
T50056 regulation of franscription, DNA-dependent approach has the adygntage that much fewer features need
R49309 regulation of transcription, DNA-dependent to be calculated explicitly and hence this method might be
W44416 dlfutg ff?S'StanCteb ] better suited for large data sets.

glutamine metabolism .

nucleobase, nucleoside, nucleotide and nucleic acid All i all, ,We showed that all three methOd_S are ab_le to

metabolism detect functional clusters of genes. We thus think thatlfinal
‘de novo' pyrimidine base biosynthesis it depends on the problem at hand and the size of the dataset,

W70150 regulation of transcription, DNA-dependent

W88807 uroporphyrinogen lIl biosynthesis which one is favorable.

W89012 fatty acid beta-oxidation ACKNOWLEDGMENTS
fatty acid metabolism ) )
W91979 cholesterol biosynthesis This work was supported by the National Genome Re-
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(tab. VI) and without PCA (tab. V), respectively. Again,0313323.
both EKM-based methods produce clusters that only contain
genes related to DNA replication and recombination, wrerea
the cluster produced by the optimal assignment approacfl] B. Adryan and R. Schuh. Gene Ontology-based clus-
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