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Problem Formulation: The model:
Given a data set from a genetic perturbation data, and A genetic regulatory network consisting of n genes in a genetic _
a priori structural information, identify the sparsest perturbation experiment can be modeled as an n-dimensional dx _ (% C R R P
gene-gene network that explains the data. dynamical system. E — (X’ U)1 X € , U € -
The state )?i denotes the transcription activity (typically measured d
. N as mMRNA concentration) of gene I in the network, and Uis the so _X — Ax + Bu. X '= )’i —X
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' / EXPERIVENTS | Genetic called transcription perturbation. The dynamics close to a given dt
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" ol | A S <A (phenotypical state), while matrix B indicates which genes are ’ ’ 2
\ 4 / = IDENTIFICATIO A Priori affected by the transcriptional perturbations. Cit
=> N ALGORITHM Structural K /
@) [ \ Information See also: [Gardner03],[Sontag04],[Tegner03]
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The SOS pathway of Escherichia coli

The original network Is a part of the SOS
pathway Iin E. coli. We obtain an
experimental data set from [GardnerO3]. The
data set consists of 9 genes.
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We obtain a data set from an in silico model provided -[EEFE?;.;EE’“
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by [Tegner03]. The original network consists of 5
genes. Our method takes 6 seconds to run and
identifies a smaller model than that in [Tegner03] with
higher accuracy (fewer false positives).
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The approach:

*\We cast the problem as a convex programming problem
using /, relaxation.

*A priori structural information can be included as convex

constraints.
S . Artificial random network
*No a priori limit on connectivity.
L _ _ _ We construct an artificial random network of 20 genes
_'Stat'St'Cal mformatlon about noisy TIEEE I and generate noisy data sets with different noise levels.
incorporated in the cost function. We use these data sets to test the performance of our
methods. As performance measures, we choose:
TN , o
Genetic Perturbation| | A priori Stuctural Sens = TP +EN’ Spec = TN+EP’ :Z z
Data Data Implementation: TP TN £ 70 g
XU QR | 7z s
cvX optimization toolbox. floise level (x 10%)
l l Our method takes about 9 minutes to run, and for the 1. -
noise level of 10%, it produces a result with predictive || : NS = NN —= |
Step 1: positive values and sensitivity of higher than 90%. This ; %é\g\m
| IS better than the benchmark results from other | "=
Obtain baseline error level E, , by solving methods reported in [Bansal07]. T T T ekt
minimize J(A), subjectto Ae S.
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