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Reverse engineering (or system id) gene networks:
-

Unknown network Inferred network
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Aim of reverse engineering: gene function and drug MOA

1) Apply diverse treatments 2) Measure RNA 3) Leam model
to cells ex pression for

each treatment
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4) Treat cells with testcompound  5) Measure RNA 6) Filter data 7) Compound targets
expression using model identified
D di Bernardo et al, Nature Biotechnolgy, 2005; TS Gardner, D di Bernardo et al, Science, 2003; // I m
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Reverse-engineering strategy:

¢ Choose a model
*  Choose a fit criterion (cost function) to measure the fit of the model to the data

* Define a strategy to find the parameters that best fit the data (i.e. that minimise
cost function)

*  Perform appropriate experiments to collect the experimental data:

Model Structure —l
Fit Criterion —l

Solution
Search Strategy |
Data Design

& Collection

S T

Estimated Model

N
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Comparision of different models

Bayesian Networks Information-theoretic Ordinary differential equations

MI(A,H)=0 dA/dt=0,A+0,B+0,C
P(A/B,C,D,E)=P(A/B,C) MI(A,B)>0 or more generally:
0<MI(A,D)<min{MI(A,B), MI(B,D)} dA/dt=f(A,B,C,8)
Bayesian network (Hartemink, A. Information-theoretic: (Basso et al., ODEs (Gardner, di Bernardo et al,
(2005) Nature Biotechnology, 2005.) Nature Genetics, 2006) Science, 2003, di Bernardo et al,

Nature Biotechnolgy, 2005)

*
i
rlmm /NST/HQ

Mukesh Bansal, Vincenzo Belcastro, Alberto Ambesi, Diego di Bernardo. How to infer gene networks from expression profiles. Molecular Systems Biology, 2007. //l////
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Understanding gene function in a genetic disease:
-

Apply single gene Primary mouse  Measure mRNA Time-course Learn model Local network for
perturbationbation keratinocytes expression the gene of interest
profiles
F —
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LB B e algorithm
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- Experimental
EhatH Validation
TAMOXIFEN

5iRNA+ChIP-chip

P63 1s a transcription factor primarily expressed in epithelia including the
proliferative compartments of the skin.

It plays an essential role in modulating cellular differentiation by unknown
mechanisms.

Mutation in its DNA binding and SAM domains have been linked to five

human malformation syndromes.
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The transcription factor p63:

TP63/TP73

-259% : -85% . -35%

' ' '

P53 re— s mes o e —

: Iransactivation = DNA binding

: Steric ax-motif (SAM)

% Identity

Oligomerization

1:] Post-SAM domain

*P63 is a Transcription Factor (unknown
targets)

*p63 gene has three different promoter that
gives rise to two different transcripts (TA and
AN);

*each transcript has three alternative splicing
isoforms (&,B,Y)
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*Lack of epidermis and hair follicles

*Defects in all squamous epithelia

eLimb truncations

*Craniofacial defects: lack of tooth primordia
and eyelids

*Maxilla and mandible are truncated and /4/77
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Model structure: Ordinary differential equations

promoters —

RNAs —

Directed graph “ a

Influence
function

Output
Input RNA Transcription
concentrations Rate

dX,/dt = a, X, + ag X¢ + ag Xy + a,, X;;+b,u
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Model structure:

X q(t) = a;Xq(t) +a,,Xo(t) +...%a;,Xq (1) +

Gene effect
unknown

X,n(t) =a, X (t) +an2X2(t) t...fta, X, (t) +

o o
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Model structure - Discrete model:

X1(tr) = a) Xq4(4) +a,Xo(t) +...+a?;, X, (t) + b%u(t)

Xn(tk+1) = adnlx1(tk) +adn2X2(tk) +---+a nn n( ) T bd (k)

Or in matrix format:

X(t,.,) =AX(t,)+bU(t,)
For k=1..M

X(t..,)=AX(t,)+bu(t,)
Where (NxM)=(NxN)(NxM)+(Nx1)(1xM)




Fit criterion (Least Squared Errort:

X (ty) = AX (te) + BU(t) k=1...M

X (tey1) = Aa* X (t) + Ba * U(tr)

Koy =T Ay Byl ! X (tr) ]

Ul(tx)

NxM = Nx(N+1) N+1)xM
X(thy1) = H*Y (i)

H=[Ad Bd]

v = | o
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B = (Ad + 1)—1Bd
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Solution search strategy:

*  Usually N>>M (more unknown than data points; i.e. 1000 genes e 20 points)

* From the previous equation we know that a unique solution will exist only if
N=M-1

*  We need a trick to reduce number of unknowns by dimensional reduction:
— Regression with Variable selection
— Clustering
— Regression with SVD

o o
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Solution search strategy: Regression using PCS/SVD

X(thy1) = H+Y (tr)

H = [ Aq Bag ]
X(tr)
Y(te) = [ U(t:) ]

* Singular Value Decomposition:
— Y=UDV' (N+1xM)=(N+1xM)(MxM)(MxM)

IEI

~ Y=UDV.' (N+1xM)=(N+1xK)(KxK)(KxM)

r-r-r

X(t,,,) =HY= (NxN+1)(N+1xM) =

X(t,,,) =HU.D.V.'=(HU_)D V., '=(NxK)(KxK)(KxM)

//l/ ////
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Preliminary Results on noisy “i# sifico” data

Network of 10 genes (A)

Target prediction in 1000 gene network (B)
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Application to p63:

Apply single gene
perturbationbation

Primary mouse  Measure mRNA Time-course Learn model
keratinocytes expression
profiles
™,
TSNI
algorithm
N

TAMOXIFEN
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Local networl for
the gene of interest

.

Experimental
Validation

SiRNA+ChIP-chip
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Localization of ANp63 upon tamoxifen treatment by immunofluorescence
e

Murine keratinocytes are infected with
Ginco ErDNp63 retrovirus. The cells are
collected at the following time points from
Tamoxifen induction: 1hr, 2hrs,4hrs, 8hrs.

1
Immunofluorescence plot: red and
0.8f ; blue lines represent two different
immunofluorescence experiments.
0.8
&0.7
3
E 06
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Hierarchical Clustering of 786 expression profiles:

B Cluster 1 . Cluster 2
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Application of TSINI on 786 expression profiles:

Cluster 1
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Validation of predicted targets: (1) ChIP-chip
e

* We selected the top 100 predicted targets and as control the
bottom 200 predicted genes.

*For each gene we analysed 20 Kbp upstream+gene sequence
via ChIP-chip (Agilent 200k custom-array)

*We found about 300 p63-binding sites bu ChIP-chip with a
p-value<0.01

ok o o
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Validation of predicted targets: (1) ChIP-chip

Fixation of cells with ~1% formaldahyda Lradrag v,ﬂwwm/,&‘\vrm

l |

Sonication of protein-bound chromatin £ ™™ LTI
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Validation of predicted targets: (1) ChIP-chip
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TSNI results are confirmed by ChIP-chip

Average Binding Score
o &

1-100 587-686 687-786

TSNI ranking FC Early_genes

///%%//%
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Knocking down p63 expression via siRINA:

RNA interference against the p63 DNA binding domain

sictr
sip63

R P63

00000
N DOV

Relative mRNA

| B

tubulin

sictr sip63
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TSNI results are confirmed by siRNA
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Application of TSNI to drug discovery :

Drug treatment

Primary mouse  Measure mRMNA Time-course Learn model
keratinocytes expression
profiles
—,

g5 > —>| TSN
3858 algorithm
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Drug targets
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A “steady-state” approach to drug target identification:
- -

D di Bernardo et al
Nature Biotechnolgy, 2005

1) Apply diverse treatments 2) Measure RNA 3) Leam model
to cells ex pression for
each treatment
i
v LDug> = e ' MNI
- : Algorithm
T (=) = o
Overexpress | wsjs= e

Network model

ol T

4) Treat cells with testcompound  5) Measure RNA 6) Filter data 7) Compound targets
expression using model identified

Phasell
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MNI identifies target of itraconazole in S. cerevisiae

Itraconazole treatment: a known target 1s ERG11

[
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RNA change (z-score)
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Filter through MNI-inferred network model

Expression Change

G o

MNI Predictions

Gene number

Gene number
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MNI results:

biosynthesis

i

f%

- =
Predicted
Compound | Known pathway | Known target crathvay Ranked target genes
Itraconazole |ergosterol Ergl| steroid ERGI I, ERG24,ERGI,
metabolism ERG25, CYBS, ERG27,ATF2

‘ 425 (56 @13
6

19 $23

Hydroxyurea

DNA replication

pat

Rnr2, Rnr4

DNA replication

pal

RNR4, RNR2, RNRI,
RNR3

00 -

Pathway data from GO database
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MNI identifies MOA for 8 out of 9 drugs:

Table 2 Pathways and associated genes targeted by drug compounds

Drug Known pathway Known target Significant GO ontology Ranked pathway genes (rank)
(rank, P-value)

Terbinafine Ergosterol biosynthesis®! Ergl Steroid metabolism ERG7 (4), ERG1(5), ERG8(11), ERG26 (13), UPC2
(1, 10-14) (17), ERG28(18), ERG11 (20), DAPI (33), HES1 (34),

ATFZ2(36), ERG5 (49)

Lovastatin Ergosterol biosynthesis*? Hmg2, Hmgl Lipid metabolism BSTI1 (1), ERGI (18), YSR3(23), HMG2(30), LCB5
(1,10%) (31), ERG13(36), VRG4 (48)

Itraconazole Ergosteroll biosynthesis*? Ergll Steroid metabolism ERG11(2), ERG24 (4), ERG1 (6), ERG25 (13), CYB5
(1,109 (16), ERG27 (19), ATF2(23)

Hydroxyurea DNA replication*4 Rnr2, Rnrd Heteroduplex formation RAD51 (15), RAD54 (47)
(1,10%)
DNA replication RNR4 (2), RNR2 (6),
(2,102 RNRI (14), RNR3(23)

Cycloheximide Protein biosynthesis*® Ribosome Nuclear mRNA splicing, SYF1(3), SMD3(19), HSH49 (42)

Tunicamycin

Nikkomycin

3-aminotriazole

Dyclonine

N-linked glycosylation®

Cell wall chitin biosynthesis*’

Histidine biosynthesis®

Oxygen and reactive oxygen
species metabolism30

Ergosterol biosynthesis!

via spliceosome (1, 10-4)

Alg7 Protein-ER targeting
(1,109
Chs3 Protein amino acid

alkylation(1, 10-3)

Drugs not in the original compendium data set

His3 Organic acid
metabolism
(1,107)

Ctal

Erg2 Sterol biosynthesis
(1, 10718

dibernardo.tigem.it

RPL26B (32), RPS29A (34)
SEC62 (1), SIL1(31), SEC59° (43)

SWD2 (3), RMTZ2 (6)

FRMZ2 (8), BIO5 (9), YATZ (10), ARO10(18), ARO9
(20), CHAI (21), BIO3 (31), ARG1 (33), ARG4 (37),
HIS5 1 (42), LYSI (47), SAMZ2 (50)

ERG3 (1), ERG6 (2), CYB5 (3), ERG2 (4), ERG11 (6),
ERG28(10), ERG1(12), ERG5(13), ERG27 (18),

MVDI (23), ERG24 (30), ERG26 (37) - *
//I/WI
gem
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Selection of Significant Genes in Time Series experiment:
e

eFirst filter
e Area under curve

*Second filter
e Standard deviation 1s computed at each time point
using smoothing and generalized cross validation
algorithm

* Statistical test for significance (Chi-Square)

T
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in silico with dual perturbation
- 5

dX,/dt = a, X, + ag Xg + a9 Xg + a,, X;5+b;,u; + bysu,
N |

/7
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Improvement of TSNI to identify the network (A)

*Integral Approach instead of differential approach
(Y : th th
/ X(t)dt = A [ X (t)dt + B / Ut)dt k=1...M
JO J0O JO
th th
X(t3) =.4/ X(t)dt-{-B/ Utydt k=1...M
JO 0

*Bootstrapping

Mukesh Bansal, Diego di Bernardo
Inference of gene networks from temporal gene expression profiles. IET (Under Review)
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(1a) Time Series Network Identification Algorithm (NEW) :
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Identified novel anticancer compound via chemical screen

CMLD Diversity Collection |
(240 compounds)

PTSB

ICs, A549 5 UM

* PTSB inhibits growth in yeast and tumor cell lines

Dept. of Chemustry, Boston University

In collaboration with Schaus and E /ot laboratories

Center for Methodology and 1 .ibrary Development (CMI.D), Boston U.

dibernardo.tigem.it
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MNI identifies two enzyme targets of PTSB

Identifies thioredoxin (TRX2) and thioredoxin reductase (IRR1)

homeostasis

W

Predicted
Compound | Known pathway | Known target crathvay Ranked target genes
PTSB unknown unknown [cell redox TRRI, TRX2

dibernardo.tigem.it
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TRR1/TRX2 activity inhibited in presence of PTSB

Assay:
Thioredoxin reduction of dithio(bis)nitrobenzoic acid (DTNB)

* Product of reaction = thiolate anion, measured via A412

0.34 -
0.29 | 0 uM PTSB
0.24 -

1 uM PTSB
0.19 -

o1a | 5 uM PTSB

0.09 -

Absorbance 412 nm

0.04 -

-0.01

Time (min)
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MNI algorithm overview and application to S. cerevisiae

1) Learn Model 6000 genes —» 512 microarrays

-

15 compounds

2) Measure profile in response to drug
tested

-

3) Rank genes using model learned in step 1

-

4) Select top 50 genes, i.e. top 50 predicted drug targets

1l

5) Find common pathway among top 50 predicted targets ///7/,/'/ /*




Geno Ontology Filtering

Top 50 genes ranked
by MNI

Filter gene list using
gene ontology

Genes selected
after filtering




MNI: Microarray Network Identification

The MNI Algorithm: an unsupervised approach

MNI Method Inferred
UNKNOWN Influence Measured
QA function
XZ \ r
Xg—P» , dX,
X, > __-xz,...,x,‘,) —_ dr
X’Z/v Output
Input RNA Transcription

concentrations Rate

MNI Algorithm: Recursively estimate inputs and model using data

Inputs Model
Re-estimate Network

—>
Data
—

Re-estimate Inputs f
em

. STIUTEOF
JH/II GERETICS AND MEDICINE

.

EX

dibernardo.tigem.it



Model structure:

) —
X4 (t) = a; ;X *a; X+ 4a;, X,

........................................ Drug effect unknown

y -
X n(t) - an1X1+an2X2+...+anan

Or in matrix format: DRVG Cs5€CT

v

x’=Ax+bu

/e

NAAWVollK
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Fit criterion and search solution strategy — phase 1:
——

0 =a, X1 *a, Xy +...Fa;, X + %

Ba—

0 = a; Xqpta Xon ... a;, X, +><u

—— -

Choose only the h experiments where gene 1 has not been perturbed
and solve the egs. for gene 1 with a4, #0.

Repeat for all the genes and obtain matrix A
...we still did not say how to find the h experiments where gene i

has not been perturbed, this is done simply by choosing those ok
experiments where the gene has changed less...




Fit criterion and search solution strategy — phase II:
.

Say x, the expression profile following the drug treatment, then
the predicted targets of the drug are:

,*
rﬁlfmo,v wsr/ngl’
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Other projects going on in our lab:
-

- REVERSE ENGINEERING BASED ON MI AND BAYESIAN APPROACH
- IDENTIFICATION OF DRUG TARGETS
- SYNTHETIC BIOLOGY - COBIOS (coordinator) 120kE /yr for 3 yrs for my lab

= i gt Ea e |[{SRSNARSSSERENGANESEENENEAEEIAEEEINESEIRENARASONERESNEREN a Repressilator
Construction of a genetic toggle A synthetic oscillatory network

T H T 12 H P lac01
switch in Escherichia coli of transcriptional regulators coan T
Timothy S. Gardner*{, Charles R. Cantor* & James J. Collins* tetR-lite
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