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Announcements

 HW #2 due Monday
* project proposals due Monday
» reading for next week

— Clustering chapter frorRoundations of
Statistical Natural Language Processing
Manning & Schitze




Regulatory Networks

« all cells in an organism have the same genomic
data, but the proteins synthesized in each vary
according to cell type, time, environmental factors

 there are networks of interactions among various
biochemical entities in a cell (DNA, RNA, protein,
small molecules).

» can we infer the networks of interactions among
genes?
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Regulatory Networks

« there are lots of regulatory interactions that occur
after transcription, but we’ll focus on
transcriptional regulation

— it plays a major role in the regulation of protein
synthesis

— we have good technology for measuring mRNA
levels

Transcriptional Regulation
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Transcriptional Regulation
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Inferrring Regulatory Networks

 given: expression data for a set of genes (data
might be temporal)

 do: infer the network of regulatory relationships
among the genes

A Gene Expressmn Profile




Regulatory Network Models

» there are various representations that have been
applied to model regulatory networks, including

— Boolean networks

[Kaufmann, 1993; Liang, Fuhrman &
Somogyi, 1998]

— differential equations

[Chen, He & Church, 1999]
— weight matrices

[Weaver, Workman & Stormo, 1999]
v'Bayesian networks

[Friedman et al., 2000]

Probabilistic Model ofac Operon

» each gene represented by a random variable in ong
of three states: under-expressed (-1), normal (0),
over-expressed (1)

* lactose represented by a random variable with two
states: absent (0), present (1)

* joint probability distribution
PriL,1,Z,Y,A) =Pr(L)xPr(l [L)xPrZ|L,1)x
PriY |L,I,Z2)xPr(A|L,1,Z,Y)

» representing the distribution this way requires 162
( 2x3*) parameters
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Bayesian Networks

now consider the following Bayesian network for

thelac operon
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nodes represent random variables
edges represent dependencies

Bayesian Networks

each node has a table representing conditional
distribution givernparentvariables
L Pr(L)
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L | Pr(z=1|L,1) PrZ=0L,1) Pr(z=1L,1)
0 -1 0.1 0.2 0.7
0 0 0.2 0.4 0.4
0o 1 0.8 0.1 0.1
1 -1 0.1 0.1 0.8
1 0 0.1 0.2 0.7
1 1 0.1 0.2 0.7




Bayesian Networks

» a Bayesian network providedactored
representation of the joint probability distribution
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() (v W
Pr(L,1,Z,Y, A) = Pr(L) xPr(l )X Pr(Z | L, 1) %
PF(Y|L,|)><PI’(A|L,|)

» representing the joint distribution this way
requires 59 2+3+18x3 ) parameters

Linear Gaussian Models

we can also model the distribution of continuous
variables in Bayesian networks

one approach: linear Gaussian conditional
densities

Pr(X |uy,...u,) ~ N(a, + > a xu;, 0?)

X normally distributed around a mean that
depends linearly on values of its parentis

&, parameters estimated from data during training




Learning Bayesian Networks

 given: training seD consisting of independent
measurements for random variables

» do: find a Bayesian network that best “match&s”

 two parts to the approach
— scoring function to evaluate a given network
— search procedure to explore space of networks

Learning Bayesian Networks
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figure from Friedman et alJournal of Computational Biology2000




Learning Bayesian Networks

 scoring function to evaluate a given network
scoréG: D) =logPr(G|D)
logPr(D |G) +logPr(G)
t t

log probability of log prior probability
data given grapl® of graphG
» search procedure
— operations: add, remove, reverse single arcs
— search methods: hill climbing etc.

Representing Partial Models

* since there are many variables but data is sparse, fo¢

on finding “features” common to lots of models that
could explain the data

— Markov relationsis Y in the Markov blankebf X?

* X, given its Markov blanket, is independent of
other variables in network

— order relationsis X an ancestor of Y

us
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Estimating Confidence in
Features: The Bootstrap Method

e fori=1tom

— sample (with replacement) expression
experiments

— learn a Bayesian network from this sample

» the confidence in a feature is the fraction of the
models in which it was represented

Causaulity & Bayesian Networks

* more than one graph can represent the same set o
independences

» from observationglone, we cannot distinguish
causal relationships in general

» with interventionge.g. gene knockouts) we can
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Application to Yeast Cell Cycle Data

» |earned Bayesian network models from Stanford
yeast cell-cycle data

— 76 measurements of 6177 genes

— focused on 800 genes whose expression varied
over the cell-cyle stages

» added variable representing cell cycle phase

* each measurement treated as an independent
sample from a distribution

Confidence Levels of Features

* how can we tell if the confidence values for
features are meaningful?

e compare against confidence valuesrfamdomized
data — genes should then be independent and we
shouldn’t find “real” features

91,1 ® oo gl,n

92,1 ® oo g2,n
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\/ \j
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Confidence Levels of Features:
Real vs. Randomized Data

Markov features order features
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figure from Friedman et alJournal of Computational Biology2000

Biological Analysis

 using confidence in order relations, identified
dominant genes
— several of these are known to be involved in
cell-cycle control
— several have inviable null mutants
— many encode proteins involved in replication,
sporulation, budding
» assessing confident Markov relations
— most pairs are functionally related
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Discussion

e extracts a richer structure from data than
clustering methods

— interactions among genes other than positive
correlation

— causal relationships (in some cases)

» compared to other approaches for extracting
genetic networks

— models have probabilistic (not deterministic)
semantics

— focus is on extracting “features” of networks,

not complete networks themselves
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