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sian Networks

bhical model for probabilistic relationships among a set of
les

rative Topographic Mapping
hical model through a nonlinear relationship between the latent
les and observed features.
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(GTM)

ian networks represent statistical relationships
& random variables (e.g. genes).

- Band D are independent given A.
o - B asserts dependency between 4 and E.

- A and C are independent given B.

P(4,B,C,D,E)
= P(A)P(B| A,E)P(C|B)P(D| A)P(E)




(Directed Acyclic Graph)
ian Network: Network Structure (S) + Local
obability (P).
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is a non-linear mapping model between latent space
ata space.
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plex data structure is modeled from an intrinsic
# space through a nonlinear mapping.

t=O(x)W+E

data point
latent point
matrix of basis functions
constant matrix

. Gaussian noise




A distribution of x induces a probability distribution

n the data space for non-linear y(x,w).

p(tlx, W, 3} = MN(y(x,W),8)
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ly the latent distribution is assumed to be uniform
).

¥ data point is assigned to a grid point probabilistically.

Blcan be visualized by projecting each data point onto the
k space to reveal interesting features

lgorithm for training.

itialize parameter W for a given grid and basis function set.

-Step) Assign each data point’s probability of belonging to each

-Step) Estimate the parameter # by maximizing the corresponding
b likelihood of data.
til some convergence criterion is met.
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microarray data provides the whole genomic
in a single chip.

- The intensity and color of each
spot encode information on a
specific gene from the tested
sample.

- The microarray technology is
having a significant impact on
genomics study, especially on
drug discovery and toxicological
research.
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ect cell Cycle-régulated genes out of 6179 yeast
es. (cell cycle-regulated : transcript levels vary
iodically within a cell cycle )

ere are 104 known cell cycle-regulated genes of 6
sters

S/G2 phase : 9 (train:5 / test:2)

S phase : 8 (Histones) (train:5 / test:3)

M/G1 boundary (SWI5 or ECB (MCM1) or STE12/MCM1
dependent) : 19 (train:13 / test:6)

G2/M phase: 15 (train: 10/ test:5)

Late G1, SCB regulated : 14 (train: 9 / test:5)
Late G1, MCB regulated : 39 (train: 25 / test:12)
-G1-S-G2-M)
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cluster size | mean respamse | mean respanse R
to Cln3p to Clh2p
I 2758 015 ~0.130 "
2 28 -0.095 -0.004 "
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# known genes 8 8
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0.563 1.316 0.962
iz 202 132 62 47 - 147
# known genes 29 25 21 19 9
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. A —> |The comparison of entropies for
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