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ABSTRACT this as:

In this paper we propose a manifold embedding methodol- p; ; = P(Z; ; = 1|Z1 =1, Z2 =1,.. ,ij =1)
ogy to integrate heterogeneous sources of genomic data for

the purpose of interpretation of transcriptional regulatory phe- x H P(Z;; = 1|2 ;=1) (1)
nomena and subsequent visualization. UsingGhéa3gene )

as an example, we ask if it is possible to determine which

genes (or their products) might be potentially involved in ItsThus the existence of a 'true’ functional relation between two

tissue-specific regulation - based on evidence obtained from y
enes andj, depends op, = P(Z; ; = 1|Z; ; = 1) which
various available data sources. Our approach is based on
s computed from a histogram of the trammg data for a par-
embedding of genes onto a manifold wherein the proximity o

neighbors is influenced by the probability of their interaction
as reported from diverse data sources - i.e. the stronger t
evidence for that gene-gene interaction, the closer they are.

icular (*") data source. This reflects the degree of confi-
I%ience that biologists have come to associate with the inter-
actlons predicted from th&" data source. The multiplica-
tion of posterior probabilities is equivalent to the addition of
log-likelihoods of generation from each of the various data
1. INTRODUCTION sources. The e_xpres_sign above decomposeg the ove.r_all struc-
ture of the relationship into a product of marginal conditionals

Computational inference of transcriptional regulator networlgjue o the assumed independence of the various data sources.
P P g Y We now explore manifold embedding [2,4] as a method to

from diverse data has proved to be a bigger challenge thancorporate the probability weights obtained from the inter-

previously imagined. The gold standards for each data sourcect ion probability matrices to bring those genes closer which
are highly variable, and considering the diversity of interac- P y 9 9

tions that each experimental or computational method aims t %ave a higher probability of interaction. For understanding

recover, their meaningful integration for the purpose of untranscrlptlonal regulatory mechanisms, it can be hypothesized

derstanding underlying phenomena is a non-trivial task. Fo that the genes in close vicinity to a gene of interest are either

(0- regulated or potentially involved in the regulation of the
this study, we examine three kinds of data sources, two q
target gene (through its product). A good embedding would
which are experimentally derived (protein-protein interaction

e these diverse data sources to reflect such relationships.
assays, phylogenetic conservation of Transcription Factor BiRgs
ing sites (TFBS)) and the third is a computational measure
(Directed Information) [3] for inferring interactions. Our ob- 2. LAPLACIAN EIGENMAP EMBEDDING
jective is to demonstrate that not only is this method scalable
to as many kinds of 'relevant’ data sources but also encomSuppose we are investigating the role(éf — 1) genes in
pass both experimental and computational measures of asgefation to our target gen&gta3 - we proceed as follows:
ciation. Our approach is to construct an interaction probabil- ) ) )
ity matrix betweenk genes under consideration. This ma- ® Standardize thesk” gene expression profiles to 0 mean

trix is a K x K symmetric matrix withP (i, j) = P(j,i) = and unit variance. Notice thqt the Euclidean distances
P(Z;; = 1), the probability that there is a 'true’ functional become the Pearson correlation measure.

interaction between the genésind j, denoted by the event e Build the K x K dimensional weight matri%V’ from

Zig = L. This true interaction depends on the probability the Hadamard product of the interaction probability
that thel*" data source confirms this interaction (|.Zall;j =1 (P(Zf,.j = 1)L, ) matrices, from each of tha differ-

). If we haveL (=3, here) different data sources, we can write ent sources of data.



L4 Flnd n NeareSt NelgthI’S USIng the EUCIIdean dIStan( Laplacian Eigenmap Embedding of the 48 genes (incl. Gata3) - 5 neighbors

(or within some:-neighborhood). Assign weight; ; = 02 ‘ [ I
pi,j, from (1) for the pair(, j), for each of the{f) gene .
pairs.

o

e Form the Graph Laplacian [2]:

Li; =< —W;; if 7 is connected tg;
0 otherwise
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Second Eigenvector of Laplacian —>

° SO|VeminnyLy = % Zi,j (yi — yj)2Wi,j

¢ Embed the co-ordinates to a lower dimensional man sl
fold, using the solution (the Laplacian Eigenmap) ob
tained from the minimization above. 02p
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First Eigenvector of Laplacian —>

We demonstrate the utility of the presented approach to un-
derstand the mechanisms underlying transcriptional regula- Fig. 1.
tion of the Gata2/Gata3genes in the developing kidney [3].

The primary source of data used to obtain distances is the . ,
microarray expression profiles of 47 genes known to be cc@nd hence, they are closer in the network. We note that this

expressed wittGata3in the embryonic kidney. These are embedding has integrgted _informa_lti(_)n from three very differ-

obtained from http://genet.chmcc.ory large amount of data €Nt data sources to build this "proximity map’ of genes. These

encompassing literature mining, microarrays, protein-proteifindings are currently being verified in the laboratory.

interactions have been available from the STRING database

(http://string.embl.dg/- for most of the K = 48 genes se- 4. CONCLUSIONS

lected above, a lot of functional information from several ex-

periments is available. For our purpose, we find the strengt/e have presented a methodology to understand the mecha-

of association between any two genesndj using signifi- nisms Underlying transcriptional regulation ofa gene by com-

cance scores from three different sources: bining various available data sources viaadified Laplacian

Eigenmaptechnique. This framework provides a common
e Phylogenetic conservation of protefs binding site in  ground both for the integration and visualization of diverse
the upstream region of gepe data sources for understanding physiological processes.

e Interaction of Proteir with Protein;.

e Directed Information [3], measuring causality in ex- 5. REFERENCES
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