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INTRODUCTION

An overview

H Gene regulatory networks ‘ Signals and images
Reconstruction =7
Clustering
Our framework H Variational ‘ Bayes variational
Method | BRANE | HOGMep
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INTRODUCTIO} Context

Biological motivation

@ Second generation bio-fuel production




Context

Biological motivation

@ Second generation bio-fuel production

o Improve Trichoderma reseei cellulase production

@ Understand cellulase production mechanisms
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Context

Biological motivation

@ Second generation bio-fuel production

o Improve Trichoderma reseei cellulase production

@ Understand cellulase production mechanisms

= Use of Gene Regulatory Network (GRN)
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GRN overview
What is a Gene Regulatory Network (GRN)?

GRN: a graph G(V, €)
V ={vi,...,vs}: asetof G nodes (corresponding to genes)
E: a set of edges (corresponding to interactions between genes)
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GRN overview
What is a Gene Regulatory Network (GRN)?

GRN: a graph G(V, €)
V ={vi,...,vs}: asetof G nodes (corresponding to genes)
E: a set of edges (corresponding to interactions between genes)

A gene regulatory network...

&—®

.. models biological gene regulatory mechanisms

DNA

R(IGenel GenaBIONON( Gene 3 SOOI IIGEE XTI
mRNA
Protein T N T, = =
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Data verview
What biological data can be used?

For a given experimental condition, transcriptomic data answer to:
which genes are expressed? in which amount?

July 3™ 2017 cons. and Clust. with Gr: m. and Priors on GRN and Im:z



Data verview
What biological data can be used?

For a given experimental condition, transcriptomic data answer to:
which genes are expressed? in which amount?

How to obtain transcriptomic data?
Microarray and RNAseq experiments

What do transcriptomic data look like?
Gene expression data (GED): G genes x S conditions
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INTRODUCTION Links between data and GRNs

How to use GED to produce a GRN ?

5

From gene expression data...

gi ceeomy
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Links between data and GRNs
How to use GED to produce a GRN ?

] ¥
|

From gene expression data... F A

o V ={v, - ,vs} asetof vertices (genes) and £ a set of edges

leading to a complete
graph...
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Links between data and GRNs
How to use GED to produce a GRN ?

From gene expression data... F A

o V ={v, - ,vs} asetof vertices (genes) and £ a set of edges
@ Each edge ¢;; is weighted by w; ;

leading to a complete weighted
graph...

8i
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Links between data and GRNs
How to use GED to produce a GRN ?
5

From gene expression data... ﬁm«*ﬁ?@;

@ V ={vy, - ,vs} asetof vertices (genes) and £ a set of edges

@ Each edge ¢;; is weighted by w; ;
g
leading to a complete weighted
graph...

@ We look for a subset of edges £* reflecting regulatory links between genes

1 ife;j € e*

J 0 otherwise.

to infer a meaningful gene '
W=
network. {
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INTRODUCTION

Difficulties in GRN inference
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Difficulties in GRN inference

Normalization
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INTRODUCTION

Difficulties in GRN inference

Normalization
Multi-level regulation

cell PO’P“\aﬁOﬂ
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INTRODUCTION

Difficulties in GRN inference

Normalization
Multi-level regulation
Unbalanced measurements

cell PO’P“\aﬁOﬂ
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Our BRANE strategy

What is the subset of edges £* reflecting real regulatory links between genes?

= what is the binary adjacency matrix W € {0, 1}6%¢?
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Our BRANE strategy

What is the subset of edges £* reflecting real regulatory links between genes?
= what is the binary adjacency matrix W € {0, 1}6%¢?

1 ife,‘J' e &*,

@ We note x;; the binary label of edge presence: x;; = 0 herwi
otherwise.
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Our BRANE strategy

What is the subset of edges £* reflecting real regulatory links between genes?
= what is the binary adjacency matrix W € {0, 1}6%¢?

1 ife,‘J' e &*,

@ We note x;; the binary label of edge presence: x;; = 0 herwi
otherwise.

1 ifw,‘J‘ > ),

@ Classical thresholding: x;-ij = 0 heri
otherwise.
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Our BRANE strategy

What is the subset of edges £* reflecting real regulatory links between genes?
= what is the binary adjacency matrix W € {0, 1}6%¢?

1 ife,‘J' e &*,

@ We note x;; the binary label of edge presence: x;; = 0 herwi
otherwise.

1 ifw,‘J‘ > ),

@ Classical thresholding: x;-ij = 0 heri
otherwise.

@ Given by a cost function for given weights w:

maximize >, wi;Xij + Al —x;))
x€{0,1}*  (ij)ev?
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Our BRANE strategy

What is the subset of edges £* reflecting real regulatory links between genes?
= what is the binary adjacency matrix W € {0, 1}6%¢?

1 ife,‘J' e &*,

@ We note x;; the binary label of edge presence: x;; = 0 herwi
otherwise.

1 ifw,‘J‘ > ),

@ Classical thresholding: x;-ij = 0 heri
otherwise.

@ Given by a cost function for given weights w:

maximize Y, w;jXi;j + Al —x;;) < minimize Y w;; (1 —x;) + Axiy
x€{0,1}*  (ij)ev? xe{0,1}*  (ij)ewv

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images



Our BRANE strategy

[Bﬂ{ﬂ?\[ﬂ Biologically Related A priori Network Enhancement}

o Extend classical thresholding

o Integrate biological priors into the functional to be optimized
@ Enforce modular networks

o Additional knowledge:

o Transcription factors (TFs): regulators
o Non transcription factors (TFs): targets
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Our BRANE strategy

[Bﬂ{ﬂﬂ\[ﬂ Biologically Related A priori Network Enhancement}

o Extend classical thresholding

o Integrate biological priors into the functional to be optimized
@ Enforce modular networks

o Additional knowledge:

o Transcription factors (TFs): regulators
o Non transcription factors (TFs): targets

‘ ‘ Method ‘ a priori Formulation Algorithm
Inference BRANE Cut Gene co-regulatiton Discrete Maximal flow
BRANE Relax TF-connectivity Continuous Proximal method
Joint  inference . . .
. sch
and clustering ‘ BRANE Clust Gene grouping Mixed Alternating scheme
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> Cut — NETWORK INFERENCE WITH GRAPH CUTS

A discrete method: BRANE Cut

We look for a discrete solution for x < x € {0, 1}£
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize ) wije(xij—1) + Aijelx) + p¥(xi)
x€{0,1}F (ij)EV?
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize ) wije(xij—1) + Aijelx) + p¥(xi)
x€{0,1}F (ij)EV?

@ Modular network: favors links between TFs and TFs

21 if (i,j) ¢ T
Aij = < 2M1F if (i,j) € T?
ATF + A otherwise.
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize ) wije(xij—1) + Aijelx) + p¥(xi)
x€{0,1}F (ij)EV?

@ Modular network: favors links between TFs and TFs

21 if (i,j) ¢ T
Aij = < 2M1F if (i,j) € T?
ATF + A otherwise.

with:
o T: the set of TF indices
o> max{w,-J\ (l,]) € Vz}
o Mg > )\ﬁ

A linear relation is sufficient: A\tg = SAp with 5 = ‘%
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize Z wiJga(xiJ — 1) + )\,-Jga(x,-d-) aF /J,\I/(.X[J)
xe{0,1}*  (ij)ev2
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize Z (JJ,‘JQO()C,‘J — 1) + )\,-Jga(x,-d-) aF /J,\I/(.X[J)
xe{0,1}*  (ij)ev2

@ Gene co-regulation: favors edge coupling

L Wit > oy
— 1]
U(xig) = > pijylxij— xig
’ (J")eT?
iEV\T

pijj - co-regulation probability
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BRANE Cut — NETWORK INFERENCE WITH GRAPH CUTS A priori

A priori: modular structure and gene co-regulation

minimize Z (JJ,‘JQO()C,’J — 1) + )\,-Jga(x,-J) aF /J,\I/(.X[J)
xe{0,1}*  (ij)ev?

@ Gene co-regulation: favors edge coupling

W (xi,) E Piir 1Xij — Xij

(' )eT?
iEV\T

. Wiy >

pijj - co-regulation probability

Z T (min{w; v, wjx, wir x} > )
keV\(TU{i})
@ Pijj = IW\T -1

o : the (|V| — 1) of the normalized weights w
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- Cut — NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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- Cut — NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

@
@
®
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

[=]
HEEE
[~]
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
x€{0,1} (iJ)GVz i€V\T
j>i () ET2, ' >j

[=]
EHE@EE
>\ (8 /s
[~]
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(E Cut — NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

— =6

@ —— Arr=3
— e =1
.
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(E Cut — NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

— =6

@ —— Arr=3
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

— =6
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j

— =6

July 3™ 2017 Recons. and Clust. with Gr: m. and Priors on GRN and Imz



Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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Cut— NETWORK INFERENCE WITH GRAPH CUTS Formulation and resolution

A maximal flow for a minimum cut formulation

minimi%e P T I TR T > ey = T
xe{O,l} (iJ)GVz ieV\T
j>i () ET2, ' >j
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ROBLEM

A continuous method: BRANE Relax

We look for a continuous solution for x < x € [0, 1]%

Tuly 3" cons. and Clust. with



BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM A priori

A priori: modular structure and TF connectivity

minimize > wijo(;—1) + Ajelxg) + p¥lxy)
x€{0,1} (ij)eV?
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM A priori

A priori: modular structure and TF connectivity

minimize > wijo(;—1) + Ajelxg) + p¥lxy)
x€{0,1} (ij)eV?

@ Modular network: favors links between TFs and TFs

2 if (i,j) ¢ T°
)\,‘J = 2>\TF if (l,]) S Tz
ATr + A otherwise.
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM A priori

A priori: modular structure and TF connectivity

minimize > wijo(;—1) + Ajelxg) + p¥lxy)
x€{0,1} (ij)eV?

@ Modular network: favors links between TFs and TFs

2 if (i,j) ¢ T°
)\,‘J = 2>\TF if (l,]) S Tz
ATr + A otherwise.

@ TF connectivity: constraint TF node degree

- ‘ /\/ U(x;)) = ie%\:T é %x,d d
& | e
@ ¢(+): a convex distance function with
[B-Lipschitz continuous gradient
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(E Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Formulation

A convex relaxation for a continuous formulation

minimize Y, wii{(l—%;) + Ajxg + x> o D xmi—d
x€{0,1}F  (;pev2 iEV\T  \jev
i
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Formulation

A convex relaxation for a continuous formulation

minimize Y, wij(l —xj) + Aijxij + . >, | Dxij—d
x{0,1} (i pev? ieEV\T \jev
J>i

@ Relaxation and vectorization:
E

P E
minimize wi(l—x) + Nx + ,uz 10) Z Qiwxx —d |,
xG[O,l]E =1 i=1 k=1

where © € {0, 117> encodes the degree of the P TFs nodes in the complete graph.

0 otherwise.

{ 1 if jis the index of an edge linking the TF node v; in the complete graph
i =

o = o
S o

—_ = O
—

00 T1+ Ty + T3+ Ty
0 Qx = To + T +xg + T
1 T3+ X6+ T+ T10

s

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images

16 /45



(E Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Formulation

Distance function in BRANE Relax

E

P E
minimize » wi(1—x;) + Nx + pd. ¢ (Z Qi X — d>
k=1

x€[0,1]F = i=1

Choice of ¢: node degree distance function, with respect to d

E
= Z Q; kX —
=

° squared £ norm: ¢(z) |Z||2
if [z <6

@ Huber function: ¢(z;) = ) herwi
5 otherwise

Tuly 3, 2017



BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Resolution

Optimization strategy via proximal methods

o Splitting

minimize w' (1z —x) + A'x + pu®(Qx —d) + Ljo,1)% (%)
xERE = g,_/
f2 fi

e fi € I'o(RE): proper, convex, and lower semi-continuous

@ f>: convex, differentiable with an L—Lipschitz continuous gradient
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Resolution

Optimization strategy via proximal methods

o Splitting

minimize w' (1z —x) + A'x + pu®(Qx —d) + Ljo,1)% (%)
xERE = H’,_/
f2 fi

e fi € I'o(RE): proper, convex, and lower semi-continuous

@ f>: convex, differentiable with an L—Lipschitz continuous gradient

Algorithm 1: Forward-Backward

Fix xo € RE
fork=0,1,...do

Ly =X, — % va(xk)

X1 = Prox P (z, )
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Resolution

Optimization strategy via proximal methods

o Splitting

minimize w' (1z —x) + A'x + pu®(Qx —d) + Ljo,1)% (%)
xERE = H’,_/
f2 fi

e fi € I'o(RE): proper, convex, and lower semi-continuous

@ f>: convex, differentiable with an L—Lipschitz continuous gradient

Algorithm 2: Preconditioned Forward-Backward

Fix xo € RE
fork=0,1,...do

z, =x, —%A 'V filxx)

X SPOX g )
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BRANE Relax — NETWORK INFERENCE AS A RELAXED PROBLEM Resolution

Optimization strategy via proximal methods

o Splitting

minimize w' (1z —x) + A'x + pu®(Qx —d) + Ljo,1)% (%)
xERE = H’,_/

f bil

e fi € I'o(RE): proper, convex, and lower semi-continuous

@ f>: convex, differentiable with an L—Lipschitz continuous gradient

Algorithm 3: Block Coordinate + Preconditioned Forward-Backward

Fix xo € RE
fork=0,1,...do
Select the index jx € {1,..., J} of a block of variables

(/A) (JA) ,ykAM lv/kfz(xk)

x,E’QI =prox__, fw(z,E >)
) —x?”, =11 TN i
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E Clust — NETWORK INFERENCE WITH CLUSTERING

A mixed method: BRANE Clust

We look for a discrete solution for x and a continuous one for y

July 3™ 2017 Recons. and Clust. with Gr: m. and Priors on GRN and Images 19745



(E Clust — NETWORK INFERENCE WITH CLUSTERING A priori

A priori: gene grouping and modular structure

maximi%e > fOny)wigxij + A1 —xij) + ¥(m)
x€{0,1} (ij)EV?
yeNC

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and In 20/45



BRANE Clust— NETWORK INFERENCE WITH CLUSTERING A priori

A priori: gene grouping and modular structure

maximi%e > fOny)wigxij + A1 —xij) + ¥(m)
x€{0,1} (ij)EV?
yeNC

o Clustering-assisted inference
o Node labeling y € N¢
o Weight w;; reduction if nodes v; and v; belong to distinct clusters

o Cost function: "
fOiy) = w

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images
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BRANE Clust— NETWORK INFERENCE WITH CLUSTERING A priori

A priori: gene grouping and modular structure

maximi%e > fOny)wigxij + A1 —xij) + ¥(m)
x€{0,1} (ij)EV?
yeNC

o Clustering-assisted inference
o Node labeling y € N¢
e Weight w; ; reduction if nodes v; and v; belong to distinct clusters

o Cost function: 510y #)

— Wi 7

fOiy) = #’

@ TF-driven clustering promoting modular structure

Cluster 1
nster Cluster 2

U(y) = E pijL(yi = j)
iev
JET

fij: modular structure controlling
parameter

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images
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lust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Alternating optimization strategy

maximize > ZEUPWe i + A1 -xy) + X md0i=))
*{O1 (i jev iev
yeNC JjET
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lust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Alternating optimization strategy

Alternating optimization

maximize > ZEUEWu i + M1 -xy) + 2 pid0i=))
*{O1 (i jev iev
yeNC JjET
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BRANE Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Alternating optimization strategy

Alternating optimization

.. 1 (yiy; .

maximize %wwxu + A1 —xy) + > il =)
xe{0,1}" (l,]) eV? Y%
yeNC JET

@ Aty fixed and x variable:

—(y; .
maximize Z wwuxu + A1 —xiy)
xe{01} 4 B
(if)eV?
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BRANE Clust— NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Alternating optimization strategy

Alternating optimization

maximize > ZEUPWu i + A1 -xy) + X md0i=))
*{O1 (i jev iev
yeNC JjET

@ Aty fixed and x variable:

B —1(yi #yj)
D B

maximize wijXij + Al —x))
x€{0,1}"

(i)€V?

@ Atx fixed and y variable:

. . . w .x. / >
minimize Z %M)’i #y) + Z pij L(yi # J)
yeN (ij)eV? i€V, jeT
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BRANE Clust— NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Alternating optimization strategy

Alternating optimization

. —1(yiy .

maximize ) %wwxu + A1 —xy) + > il =)
xE{O,l}" (l,]) cV?2 S%
yeNC JET

@ Aty fixed and x variable:

B —1(yi #yj)
D B

maximize

xe{0,1}" wisig M=)

(i)€V?
A8

1 if wij > ===
Explicit form: x;; = {0 othelrl/w iseﬂ—ll(yﬁéyj)

@ Atx fixed and y variable:

. . . w .x. / >
minimize Z %M)’i #y) + Z pij L(yi # J)
yeN (ij)eV? i€V, jeT
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lust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

o Atx fixed and y variable:

L Wi Xi :
minimize Z %1(% #yj) + Z i L(yi # J)
yeN (i)EV? i€V, jeT
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lust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

o Atx fixed and y variable:

L Wi Xi :
minimize Z %1(% #yj) + Z i L(yi # J)
yeN (i)EV? i€V, jeT

July 3™ 2017 Recons. and Clust. with Gr: m. and Priors on GRN and Im:z

(NP)



(E Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

o Atx fixed and y variable:

. Wi j Xij ,
minimize Z %1(% #yj) + Z pijL(yi # J) (NP)
yEN (ij)EV2 i€V, jeT

o discrete problem = quadratic relaxation
@ T-class problem = T binary sub-problems

o label restriction to T: {s("), ... s} such that sj(') = 1 if j = ¢ and 0 otherwise.
o Y ={, ..., yD} such that y) € [0, 1]¢
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BRANE Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

o Atx fixed and y variable:

. Wi j Xij ,
minimize Z %1(% #yj) + Z pijL(yi # J) (NP)
yEN (ij)EV2 i€V, jeT

o discrete problem = quadratic relaxation
@ T-class problem = T binary sub-problems

o label restriction to T: {s("), ... s} such that sj(') = 1 if j = ¢ and 0 otherwise.
o Y ={, ..., yD} such that y) € [0, 1]¢

Problem re-expressed as:

T

minimize S Y % (Y,@— y](’))2+ S (ylgz)_ Sj(t))z

=1 (ij)ev? i€V, jeT
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(E Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

T

minimize SIS %Txu (yl(z)_ngz))2+ S (ylgz)_sjgz))z

=1 (i)ev? i€V, jeT

@ This is the Combinatorial Dirichlet problem

@ Minimization via solving a linear system of equations /Grady, 2006]
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BRANE Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Clustering optimization strategy

T

minimize SIS %Txu (yl(z)_ngz))2+ S (ylgz)_sjgz))z

=1 (i)ev? i€V, jeT

@ This is the Combinatorial Dirichlet problem

@ Minimization via solving a linear system of equations /Grady, 2006]
Q]

o Final labeling: node i is assigned to label 7 for which y;” is maximal

@)

y; = argmax y
teT
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lust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Random walker in graphs

We want to obtain the optimal labeling y* based on
a weighted graph = Random Walker algorithm
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We want to obtain the optimal labeling y* based on
a weighted graph = Random Walker algorithm
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We want to obtain the optimal labeling y* based on
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BRANE Clust— NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Random walker in graphs

G

We want to obtain the optimal labeling y* based on
a weighted graph = Random Walker algorithm
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BRANE Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

Random walker in graphs

G

We want to obtain the optimal labeling y* based on
a weighted graph = Random Walker algorithm

y ={1,1,2,3,3}
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(E Clust — NETWORK INFERENCE WITH CLUSTERING Formulation and resolution

hard- vs soft- clustering in BRANE Clust

T 2 2
minimize Y [ . yl@ 3N+ T oy y,@ — s
Y =1 \ (i,j)eV? ’ ( ! ) iV, jeT ! ( ! )

hard-clustering soft-clustering

# clusters = # TF # clusters < # TF
e a ifi=j
oo ifi=j S
Mij = . pij =< aol(wij>7) ifi#jandieT
0 otherwise. T .
wijl(wij>7) ifi#jandi¢ T

— oo
B @A
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‘E RESULTS

It’s time to test the BRANE philosophy...

July B Recons. and Clust. with



BRANE RESULTS Methodology

Numerical evaluation strategy

AUPR AUPR
Ref BRANE
_ Reference - - BRANE
[Classical thresholding} [ BRANE edge selection }
7P Gene-gene interaction scores
P= TTP[L]FP] (ND)-CLR or (ND)-GENIE3
R = % I Gene expression data
m=== = DREAM4 or DREAMS challenges
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DREAM4 synthetic results

BRANE performance on in-silico data

o DREAM4 Marbach et al., 2010]

July B



o DREAM4 Marbach et al., 2010]

DREAM4 synthetic results

BRANE performance on in-silico data

Network || 1 2 3 4 5 || Average | Gain
CLR 0.256 0.275 0.314 0.313 0.318 0.295

BRANE Cut 0.282 0.308 0.343 0.344 0.356 0.327 10.9%
BRANE Relax 0.278 0.293 0.336 0.333 0.345 0317 7.8%
BRANE Clust 0.275 0.337 0.360 0.335 0.342 0.330 12.2%
GENIE3 0.269 0.288 0.331 0.323 0.329 0.308

BRANE Cut 0.298 0.316 0.357 0.344 0.352 0.333 8.4%
BRANE Relax. 0.293 0.320 0.356 0.345 0.354 0.334 8.5%
BRANE Clust 0.287 0.348 0.364 0.371 0.367 0.347 12.8%
Network || 1 2 3 4 5 || Average | Gain
ND-CLR 0.254 0.250 0.324 0.318 0.331 0.295

BRANE Cut 0.271 0.277 0.334 0.335 0.343 0.312 5.9%
BRANE Relax 0.270 0.264 0.327 0.325 0.332 0.304 3.1%
BRANE Clust 0.258 0.251 0.327 0.337 0.342 0.303 2.5%
ND-GENIE3 0.263 0.275 0.336 0.328 0.354 0.309

BRANE Cut 0.275 0.312 0.367 0.346 0.368 0.334 7.2%
BRANE Relax. 0.276 0.307 0.369 0.347 0.371 0.334 7.3%
BRANE Clust 0.273 0.311 0.354 0.373 0.370 0.336 8.1%




DREAM4 synthetic results

BRANE performance on in-silico data

o DREAM4 Marbach et al., 2010]

| CLR | GENIE3 | ND-CLR | ND-GENIE3

BRANE Cut || 109% | 84% | 59% | 72%
BRANE Relax || 7.8% | 85% | 31% | 73%
BRANE Clust || 122% | 128% | 25% | 8.1%

o BRANE approaches validated on small synthetic data
o BRANE methodologies outperform classical thresholding
o First and second best performers: BRANE Clust and BRANE Cut

= Validation on more realistic synthetic data

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images



DREAMS synthetic results

BRANE performance on in-silico data

o DREAMS [Marbach et al., 2012]
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BRANE RESULTS

BRANE performance on in-silico data

o DREAMS [Marbach et al., 2012]

DREAMS synthetic results

|| AUPR  Gain || AUPR  Gain
CLR 0.252 GENIE3 0.283
BRANE Cut 0.268 6.3% BRANE Cut 0.295 4.2%
BRANE Relax 0.272 7.9% BRANE Relax 0.294 3.8%
BRANE Clust 0.301 19.4% BRANE Clust 0.336 18.6 %
|| AUPR  Gain | | AUPR  Gain
ND-CLR 0.272 ND-GENIE3 0.313
BRANE Cut 0277 1.9% BRANE Cut 0.317 1.1%
BRANE Relax 0274  0.6% | BRANE Relax 0.314 0.3%
BRANE Clust 0289 6.2% | BRANE Clust 0345 10.2%

Tuly 3, 2017
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DREAMS synthetic results

BRANE performance on in-silico data

o DREAMS [Marbach et al., 2012]

|| AUPR  Gain | || AUPR  Gain

CLR 0.252 GENIE3 0.283
BRANE Cut 0.268 6.3% BRANE Cut 0.295 4.2%
BRANE Relax 0.272 7.9% BRANE Relax 0.294 3.8%
BRANE Clust 0.301 19.4% BRANE Clust 0.336 18.6 %

|| AUPR  Gain | AUPR  Gain

ND-CLR 0.272 ND-GENIE3 0.313
BRANE Cut 0.277 1.9% BRANE Cut 0.317 1.1%
BRANE Relax 0274  0.6% | BRANE Relax 0.314 0.3%
BRANE Clust 0289 6.2% | BRANE Clust 0345 10.2%

@ BRANE approaches validated on realistic synthetic data and outperform
classical thresholding

@ First and second best performer: BRANE Clust and BRANE Cut
= Validation of BRANE Cut and BRANE Clust on real data
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BRANE RESULTS Escherichia coli results

BRANE Clust performance on real data

@ Escherichia coli dataset

|| AUPR  Gain | || AUPR  Gain
CLR 0.0378 GENIE3 0.0488
BRANE Clust ‘ 00399 57 ‘ BRANE Clust ‘ 00536 87
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(E RESULTS Escherichia coli results

BRANE Clust performance on real data

@ Escherichia coli dataset

|| AUPR  Gain | || AUPR  Gain
CLR 0.0378 GENIE3 0.0488
BRANE Clust || 00399 57 ‘ BRANE Clust || 00536 57

© BRANE Clust predictions using GENIE3 weights
galS mgiA melR
i
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(E RESULTS Escherichia coli results

BRANE Clust performance on real data

@ Escherichia coli dataset

|| AUPR  Gain | || AUPR  Gain
CLR 0.0378 GENIE3 0.0488
BRANE Clust || 00399 57 ‘ BRANE Clust || 00536 57

© BRANE Clust predictions using GENIE3 weights
mglA cysD

yliJ Irp argA araR sdaC' nac rutA

] () o

@ BRANE Clust validated on real dataset

Tuly 3, 2017



BRANE RESULTS Trichoderma results results

BRANE Cut in the real life

@ GRN of T reesei obtained with BRANE Cut using CLR weights

* Clustor 3
.___———/; = Cluster 2
e © Clustor 4
8 = | = Cluster1

. . . Cluster §
10% 25% 100%.
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BRANE RESULTS Trichoderma results results

BRANE Cut in the real life

@ GRN of T reesei obtained with BRANE Cut using CLR weights

o Clustor 3
___// o Cluster 2
o Cluster 4

—

4 ———| ® Cluster1

. . i Cluster §
10% 25% 100%

Cellulases |

Recons. and Clust. with Graph Optim. and Priors on GRN and Images
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BRANE RESULTS Trichoderma results results

BRANE Cut in the real life

@ GRN of T reesei obtained with BRANE Cut using CLR weights

® Clustor 3
_______// * Cluster 2
e © Cluster 4
? ———| = Cluster1

. . = Cluster 5
10% 25% 100%
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BRANE RESULTS Trichoderma results results

BRANE Cut in the real life

@ GRN of T reesei obtained with BRANE Cut using CLR weights
o

-% TFyew B TF
;—"A

. S'e

o Clustor 3
* Cluster 2
= Cluster 4

= Cluster 1
Cluster §
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It’s time to conclude...




CONCLUSIONS

Conclusions

Inference: BRANE Cut and BRANE Relax.
Joint inference and clustering: BRANE Clust
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CONCLUSIONS

Conclusions

Inference: BRANE Cut and BRANE Relax.
Joint inference and clustering: BRANE Clust

@ The BRA- in BRANE: integrating biological a priori constrains the search of
relevant edges

@ The -NE in BRANE: proposed graph inference methods lead to promising
results and outperforms state-of-the-art methods
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CONCLUSIONS

Conclusions

Inference: BRANE Cut and BRANE Relax.
Joint inference and clustering: BRANE Clust

@ The BRA- in BRANE: integrating biological a priori constrains the search of
relevant edges

@ The -NE in BRANE: proposed graph inference methods lead to promising
results and outperforms state-of-the-art methods

= Average improvements around 10 %
= Biological relevant inferred networks
= Negligible time complexity with respect to graph weight computation
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CONCLUSIONS

Conclusions

Inference: BRANE Cut and BRANE Relax.
Joint inference and clustering: BRANE Clust

@ The BRA- in BRANE: integrating biological a priori constrains the search of
relevant edges

@ The -NE in BRANE: proposed graph inference methods lead to promising
results and outperforms state-of-the-art methods

= Average improvements around 10 %
= Biological relevant inferred networks
= Negligible time complexity with respect to graph weight computation

@ Biological a priori relevance for network inference

[Qaaw\[z Clust = BRANE Cut = BRANE Ke[uz(]

July 3™ 2017 Recons. and Clust. with Graph Optim. and Priors on GRN and Images
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From biological graphs...

@ Extend TF-based a priori for
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Perspectives

From biological graphs...
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Perspectives

From biological graphs...

Gene-gene scores
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Perspectives

From biological graphs...

o o @ Extend TF-based a priori for
— GRN, clustering

Gene-gene scores

Normalized gene
expression data
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Perspectives

From biological graphs...

o o @ Extend TF-based a priori for
—— GRN, clustering , graph
weighting,

—

Normalized gene
expression data
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Perspectives

From biological graphs...

o o @ Extend TF-based a priori for
— GRN, clustering , graph
weighting, data normalization...

—
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CONCLUSIONS

Perspectives

From biological graphs...

o~ o @ Extend TF-based a priori for
— GRN, clustering , graph
weighting, data normalization...

@ Integrate transcriptomic data
treatment
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Perspectives

From biological graphs...

o~ o @ Extend TF-based a priori for
— GRN, clustering , graph
weighting, data normalization...

@ Integrate transcriptomic data
treatment
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Perspectives

From biological graphs...

o~ o @ Extend TF-based a priori for
— GRN, clustering , graph
weighting, data normalization...

@ Integrate transcriptomic data
treatment
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CONCLUSIONS

Perspectives

From biological graphs...

GRN, clustering , graph
‘ weighting, data normalization...

@ Integrate transcriptomic data
treatment

( o o @ Extend TF-based a priori for

@ Integrate a priori, omics- data
and treatments
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CONCLUSIONS

Perspectives

... to general graphs
@ BRANE-like applications for non biological graphs

o Coupled edge inference: social networks

o Node-degree constraint: telecommunication

o Coupling between inference and clustering: temperature networks, brain
networks
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@ Topological constraint in graph inference

o Expected node degree distribution
o Scale-free networks: webgraphs, financial networks, social networks...
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CONCLUSIONS

Perspectives

... to general graphs
@ BRANE-like applications for non biological graphs

o Coupled edge inference: social networks

o Node-degree constraint: telecommunication

o Coupling between inference and clustering: temperature networks, brain
networks

@ Topological constraint in graph inference

o Expected node degree distribution
o Scale-free networks: webgraphs, financial networks, social networks...

@ Laplacian-based approach for graph comparison

e Spectral view of the graph
o Modularity
e Local and topological-based criteria

July 3™ 2017 Recons. and Clust. with Graph Optim. and 36/45
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Journal papers — published

B

B

B

D. Poggi-Parodi, F. Bidard, A. Pirayre, T. Portnoy. C. Blugeon, B. Seiboth, C.P. Kubicek, S. Le Crom and A. Margeot

Kinetic transcriptome reveals an essentially intact induction system in a cellu- lase hyper-producer Trichoderma reesei strain
Biotechnology for Biofuels, 7:173, Dec. 2014

A. Pirayre, C. Couprie, F. Bidard, L. Duval, and J.-C. Pesquet.
BRANE Cut: biologically-related a priori network enhancement with graph cuts for gene regulatory network inference
BMC Bioinformatics, 16(1):369, Dec. 2015

A. Pirayre, C. Couprie, L. Duval, and J.-C. Pesquet.

BRANE Clust: Cluster-Assisted Gene Regulatory Network Inference Refinement
IEEE/ACM Transactions on Computational Biology and Bioinformatics, Mar. 2017

Journal papers — in preparation

Y. Zheng, A. Pirayre, L. Duval and J.-C. Pesquet
Joint restoration/segmentation of multicomponent images with variational Bayes and higher-order graphical models (HOGMep)
To be submitted to IEEE Transactions on Computational Imaging, Jul. 2017.

A. Pirayre, D. Ivanoff, L. Duval, C. Blugeon, C. Firmo, S. Perrin, E. Jourdier, A. Margeot and F. Bidard

Growing Trichoderma reesei on a mix of carbon sources suggests links between development and cellulase production
To be submitted to BMC Genomics, Jul. 2017.




CONCLUSIONS

Thanks for your
attention !

— =
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HOGMep for non-blind inverse problems

[y:Hx—kn}

@ x: unknown signal to be recovered
o H: known degradation operator
@ n: additive noise

@ y: observations
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HOGMep — Bayesian framework

e Estimation of x from the knowledge of the posterior pdf p(x|y)

plly) = 2P0

p(y

@ p(x): the marginal pdf encoding information about x
p(y|x): the likelihood highlighting the uncertainty in y
p(y): the marginal pdf of y
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HOGMep — Variational Bayesian Approximation

@ ¢(x): approximation of p(x|y)

4" (x) = arg(rr;in KL(q(x)[[p(x]y))

@ Separable distribution:
J
a(x) = [T )
j=1

with

q;.’pt(Xj) X exp <<1np(y7 X))H,-# qi(xi))

@ Estimation of the distributions in an iterative manner
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HOGMep — Bayesian formulation

@ Likelihood prior: p(y|x,7) = N (Hx, vy~ ')
@ p(z): prior on hidden variables z = ”’,L

generalized Potts model

@ p(x|z): prior on x conditionally to z = MEP
distribution restricted to Gaussian Scale

Mixtures GSM (m, 2, 3)

@ Hyperpriors: p(v), p(m;) and p(€2;)
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HOGMep — Bayesian formulation

@ Likelihood prior: p(y|x,7) = N (Hx, vy~ ')

@ p(z): prior on hidden variables z =
generalized Potts model

@ p(x|z): prior on x conditionally to z = MEP

distribution restricted to Gaussian Scale \|
Mixtures GSM (m, 2, 3) 5

@ Hyperpriors: p(v), p(m;) and p(€2;)

@ Joint posterior distribution

N

p(y1%9) TT (p(xil 25,0, m, 2)p( | 8))p(@)p() [T pmo)p(e2)

i=1 =1
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HOGMep — VBA strategy

@ Separable form for the approximation:

N L
q(©) = H (a(xi, z0)q(ui)) a(7) [ ] (a(m)q(€2))

with
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HOGMep

HOGMep — Some restoration results

@ Restoration
Degraded

Original

SNR 6.655 9. 467 6.744 12.737

Original  Degraded

19.659 18.728 17.188 15.486
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HOGMep — Some segmentation results

@ Segmentation
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