Dynamic Network Inference

Most statistical work iIs done on gene regulatory networks, while
Inference of metabolic pathways and signaling networks are done by
other means.

Like in phylogenetics, network inference has two components — graph
structure (topology) and continuous aspects, such as parameters of the
distributions relating neighboring nodes.

Like genome annotation, networks are often hidden structures that
Influences something that can be observed.

o Metabolic Pathways

Signal Transduction Pathways

Inference of Boolean Networks
ODEs with Noise

Dynamic Bayesian Networks

Integrated Modelling of Networks: Metabolism and Genes



Inferring Metabolic Pathways
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 Partial Injections can be concatenated

Arita (2000) Metabolic reconstruction using shortest path Simulation Practice and Theory 8.1-2.109-12 Arita (2000) Graph Modelling of Metabolism JS Art Intel. 15.4.?? Boyer (2003)
Ab Initia reconstruction of metabolic pathways Bioinformatics 19.2.26-34



http://www.sciencedirect.com/science/journal/09284869
http://www.sciencedirect.com/science?_ob=PublicationURL&_tockey=#TOC#5669#2000#999919998#194559#FLA#&_cdi=5669&_pubType=J&view=c&_auth=y&_acct=C000050221&_version=1&_urlVersion=0&_userid=10&md5=5b864af665018ec98edd716d7c524b29

Example: Tryptophan from 4-erythrose via Chorismate
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« Automaton generating paths with
at least 6 carbons transferred and
maximum length 6.

» Bold paths corresponds to
biological pathway.




Inferring Signalling Pathways

Graph G=(E,V) with some some nodes real, some pseudo. A
Pseudo are non-observed, but simplifies explanation. @
Edges are labelled 0-excitation, 1 inhibition. . lo L c
® >
B

Paths from i to j has parity weight of path modulo 2

E - set of experimentally verified interactions

critical

Observations: Inhibition/Excitation relationships between all real pairs

BTR — Binary Transitive Reduction: Find a subgraph E’: Ei;.y < E° < E such that
parity remains the same.

PVC - Pseudo Vertex Collapse. Procedure to _— l
remove pseudovertices without changing parity.

Li et I. (2006) Predicting Essential Components of Signal Transduction Networks: A Dynamic Model of Guard Cell Abscisic Acid Signaling. PLOS Biol. 4.10.1732-

Albert et al. (2007) A Novel Method for Signal Trnasduction Network Inference from Indirect Experimental Evidence JCompuBiol. 14.7.927-

Questions: there might be several paths from i to j. The effect of i on j, depends on the state of other nodes — ie cannot be viewed in isolation



Abscisic Acid (ABA) Signaling and Simulations

* Inferred by Algorithm
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54 vertices, 92 edges --- ldentical strong connected component ---- 54 + 3 vertices, 84 edges

Simulation: How large is proposed networks relative to theoretical lower bounds.
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Reverse Engeneering Algorithm-Reveal

Discrete known Generations Xpo 1 1 1 1 1 1 1 0 0 0

No Noise vyl o o o 1 1 o0 o 0 1 1 1

Shannon Entropies:  H(X) =" p; log(p,) H(X.Y) ==Y p,, log(p; )

Mutual Information: M(X,Y) = H(Y) — H(Y given X) = H(X)-H(X given Y)

X

Forj=1tok 3 5 H(X) = .97
Find k-sets with significant mutual information. -, H(Y) = 1.00
Assign rule. 1 4 H(X,Y) = 1.85
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D’haeseler et al.(2000) Genetic network Inference: from co-expression clustering to reverse engineering. Bioinformatics
1A Q 707



BOOL-1, BOOL2, QNETL

Akutsu et al. (2000) Inferring qualitative relations in genetic networks and metabolic pathways. Bioinformatics 16.2.727-

Bool-1 Algorithm
For each gene do (n)
For each boolean rule (<= k inputs) not violated, keep it.
If O(224[2k + aJlog(n)) INPUT patterns are given uniformly randomly, BOOL-1 correctly

identifies the underlying network with probability 1-n—¢, where o is any fixed real number > 1.

Bool-2 Proise 1S the probability that experiment reports wrong boolean rule uniformly.

Qualitative Network oQNeT

Qret  OXi_ o Ko 9K o
dt R g e gy anQf Z:>
Activation v; 2 v, Inhibition v; --!'v, \\
Algorithm

If (AX;* X;<0) delete “n, activates n,” from E

if (AX;* X; >0) delete “n, inhibits n,” from E



ODEs with Noise

Feed forward loop (FFL) This can be modeled by

Where
X T2 O YO+ B (X (D). Ky, f,K)= /K J(1+@/K)H)

dt
\ / dZ@t) g()=f(X(t), Kxz)f (Y(1),Kyz)
Y

— = —az Z(1)+ Be(X(1), Y (1), Kz, Kyz)

Objective is to estimate @ :(B},, Bz aty, 0z, Kyy, Ki7, Kyz) from noisy measurements of expression levels
If noise is given a distribution the problem is well defined and statistical estimation can be done

Data and estimation Goodness of Fit and Significance
SSE(}',S}-,z,sz)=ib’(-‘i)—§\r(?i|§)]2+i[z(-‘f)—3z(fi|9)]2
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Minutes Gene X Gene Y Gene Z SSE P-values
Parameters o o Ky Ke Ky GCN4 LEU3 ILV5S 0.090 0.25
FFL 1: X: Gene GCN4: Y: Gene LEU3; Z: Gene ILV5 PDR1 PDR3 PDRS 117 033
) GCN4 LEU3 ILV1 0.092 0.34
Estimates 0.44 0.69 0.90 0.60 0.56 YLLO44W YEROO6W YDR279W 0.84 0.046
Standard Errors 0.22 0.18 0.33 0.06 0.15

Cao and Zhao (2008) “Estimating Dynamic Models for ¢ Cao,J. and Ramsay.J.O. (2007) Parameter cascades and profiling in functiona data Ramsay,].O. et al. (2007) Parameter estimation for differential equations: a generalized
regulation networks” Bioinformatics 24.14.1619-24 analysis. Comput. Stat., 22, 335-351. smoothing approach (with discussion). J. R. Stat. Soc. B, 69, 741-796.



Inference in the Presence of Knowledge

Dynamic mass action systems on 10 components
were sampled with a bias towards sparseness

Kinetic parameters were sampled

Dynamic trajectories were generated [ ———

Normal noise was added

Equation system minimizing SSE was chosen 0,

25

20

Adding deterministic knowledge was added _

false pos: 0 false pos: 1 false pos: 2 false pos: 3

Marton Munz -http://www.stats.ox.ac.uk/__data/assets/pdf_file/0016/4255/Munz_homepage.pdf - http://www.stats.ox.ac.uk/research/genome/projects




Gausslian Processes

Definition: A Stochastic Process X(t) is a GP if all finite sets of time points, t,,t,,...t,,
defines stochastic variable that follows a multivariate Normal distribution, N(z,2), where
u is the k-dimensional mean and 2'is the k*k dimensional covariance matrix.

Examples: Brownian Motion: All increments are N( ,At) distributed. At is the time
period for the increment. No equilibrium distribution.
Ornstein-Uhlenbeck Process — diffusion process with centralizing linear drift. N(, ) as

equilibrium distribution.
.\\

One TF (transcription factor — black ball) (f(t)) whose concentration fluctuates over times
influence k genes (x;) (four in this illustration) through their TEBS (transcription factor
binding site - blue). The strength of its influence is described through a gene specific
sensitivity, S;. D; — decay of gene J, B; — production of gene j in absence of TF

dx . B. B. t D (t-u
d—tJ=Bj+sjf(t)—Djxj(t), xj(O):F{ xj(t):§{+sjjoe i £ (y)du
J J




Gaussian Processes

Gaussian Processes are characterized by their mean and variances thus calculating these for x;
and f at pairs of time, t and t’, points is a key objective
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@ Hidden and
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This defines a prior on the observables

Then observe and a posterior distribution is defined

Rattray, Lawrence et al. Manch



Gaussian Processes
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Inference of Hidden Processes has strong similarity to genome annotation



Graphical Models

LLabeled Nodes: each associated a stochastic Edges/Hyperedges — directed or undirected —
variable that can be observed or not. determines the combined distribution on all

Ho® '
(3)  (a) (4)

e Conditional Independence e Gaussian

» Correlation Graphs «Causality Graphs



Dynamic Bayesian Networks

Take a graphical model

)

Example: DNA repair

DNA damage
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single stranded DNA
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Make a time series of of it

Model the observable as function of present network
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Inference about the level of hidden variables can be made
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Perrin et al. (2003) “Gene networks inference using dynamic Bayesian networks” Bioinformatics 19.suppl.138-48.



Network Integration

Genome-scale integrated model for E. coli (Covert 2004)
1010 genes (104 TFs, 906 genes)

817 proteins
1083 reactions

(Boolean vector)

Growth
Medium
Biomass

enome scale c utational ulal and metabolism. (T. Shlomi, Y. Eisenberg, R. Sharan, E. Ruppin) Molecular Systems Biology (MSB), 3:101, doi:10.1038/msb4100141, 2007 Chen-Hsiang Yeang and Martin
Vingron, "A joi tmodlf gltry and metabolic networks" (2006)BMCB frmt S. 7, pp. 332-33.

uiddny wouy payipo


http://www.cs.tau.ac.il/~ruppin/msb_sr.pdf

Feasibility of Network Inference: Very Hard

Why it is hard:
« Data very noisy

 Number of network topologies very large

What could help:
« Other sources of knowledge — experiments

e Evolution

« Declaring biology unknowable would be very radical

Why poor network inference might be acceptable:
A biological conclusion defines a large set of networks

What statistics can do
« Conceptual clarification of problem

e Optimal analysis of data
e Power studies (how much data do you need)

Statistics can’t draw conclusion if the data is insufficient or too NoiSy ( hope not)



Summary

Network Inference — topology and continuous parameters
Metabolic Pathways

Signal Transduction Pathways

Inference of Boolean Networks

ODEs with Noise

Dynamic Bayesian Networks

Integrated Modeling of Networks: Metabolism and Genes

Interpretation: From Integrative Genomics to Systems Biology:
Often the topology is assumed identical
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