== v A

=~ UNIVERSITA DEGLI STUDI
magmpnenf /

Prerr fuoprecofe V4

D EL SANN]O Benevento

DIPARTIMENTO DI
SCIENZE E TECNOLOGIE

Reconstruct regulatory networks
from trascriptomics data

With applications in functional genomics

Luigi Cerulo

International Summer School on System Biology 2022 - SZN (Napoli)



YT “"""‘-‘L‘\'j‘_fh '..—“‘_"
ook A AR SRS NI i
e Zh?x'-:?-.".’rtlé.‘.ﬁ;ra.vw-’ 9 _
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» Cell function and regulation depend
on transient interactions among
thousands of different
macromolecules in the cell.

* |t is necessary a systemic approach A L SO R\
to understand how the cell is | we o Plp iy
organized and how genes and
proteins interact
Ludwig von Bertalanfty, 1934
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Model induction

Numbers may lie

naked statistics

IF YOU

The
ONG ENOUGH

L
=
-~

“Brillzane, funny
. . . the best math teacher
yvou never had.”
—Xaw Francisco Chronicle

charles wheelan

OOOOOOOOOOOOOOOOOOOOOOO

- Ronald Coase

Netebooke.




A photograph of the Sun taken at the same time every day for a year will
yield the visual pattern seen here, known as analemma
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Reverse engineering of gene regulatory nets

What we know about gene regulation?



Regulation of gene expression

 Cells share the same DNA but
different cell types synthesise
different sets of RNAs and
proteins

 Many processes are common to
all cells and many other are
specific for each cell type

 Moreover, external signals can
cause a cell to change the
expression of its genes

start of transcription

{

—- - e —— P-actin gene ——— —

N RN EERTREREE IR
(A) Eac s i s R

~exons” “introns ~
CELL LINE
embryonic stem cell
liver cell

SRR S, SRR oo o SRR i v 171500 ce

blood vessel cell

[ T e e e e T e T e, blood cell precursor

no.of[ o

reads . skin cell
lung cell
| tyrosine aminotransferase gene |
(B) H N A BN E H H i im i
E N I 1 EE 0 | im 1
exons “introns”
CELL LINE
embryonic stem cell
no. of I: .
reads liver cell
i muscle cell

blood vessel cell
blood cell precursor

skin cell

lung cell

S. Djebali et al., Nature 489:101-109, 2012



Regulation of gene expression

Gene Expression Can Be Regulated at Many of the Steps in the
Pathway from DNA to RNA to Protein. How can this occur?

NUCLEUS CYTOSOL inactive mRNA
mMRNA
degradation 5
control
RNA
DNA LN B ~ MRNA
1 2 3
transcriptional RNA- RNA
control processing transport translational protein
control and control activity —
localization control WETULL
control v, protein
protein <
6 active «
protein protein &

degradation
control



Transcriptional control

Transcription regulators

Recognize specific sequences of DNA
(typically 5-12 nucleotides) homeodomain
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Transcriptional control

Transcription regulators

Genes can be switched OFF by repressor |
proteins (e.g. tryptophan in E.coli) TS e g

DNA | |
- 60 - 35 T ] +20

cis-re uence
tryptophan tryptophan
low high
, Inactive repressor

RNA polymerase ,

tryptopha‘n \ "‘ active repressor

|

OPERON ON OPERON OFF



Transcriptional control

Transcription regulators

Genes can be switched ON by activator

proteins
bound activator
protein RNA polymerase
binding site l
for activator mMRNA
protein —



Transcriptional control

Transcription regulators

Lac operon in E.coli is controlled by two
transcription regulators, causing it to be

expressed only when needed,

..e. lactose present AND
glucose absent
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RNA
cis-regulatory  polymerase— start of transcription
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X \
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Lac operator LacZ gene
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Transcriptional control

Transcription regulators

Eukaryotic gene control region e . .
includes many cis-regulatory e e
sequences allowing transcription @
regulators to work In groups as co-
activators and co-repressors.

Co-activators an co-repressors can
acts in a variety numbers of ways

(B) RNA transcript




Mathematically analysis of cell function

Summary of biochemical relationships
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Mathematically analysis of cell function

Summary of biochemical relationships

SUDDEN
ACTIVATING
INPUT
GENE X GENEA DNA
GENE Z | RNA

transcription
activator protein

" GENE X DNA

_—
promoter
(Px)

(A) €9 protein



Mathematically analysis of cell function

SUDDEN

‘ ‘ ‘ ACTIVATING
Differential equation model .sz
o GENE A DNA
% = protein production rate — protein degradation rate ‘
RNA
d[X] K[A] [X] .
dt it K AT SquatiomEss ‘ transcription

activator protein

" GENE X DNA

|
promoter
(px)

(A) €9 protein



Mathematically analysis of cell function

Differential equation model

daix]
dt
dax1 . KAl IX]
gt =P MIIKIAl T T

[X1() = Xl (1 — exp(-t/ty))

= protein production rate — protein degradation rate

Equation 8-5

SUDDEN
ACTIVATING
INPUT

v

GENE A DNA

'
v

transcription
activator protein

RNA

" GENE X DNA

_—
promoter
(Px)

(A) €9 protein



Mathematically analysis of cell function

Differential equation model

% = protein production rate — protein degradation rate
d[X] K[A] [X] .
— = Bem 1+ KIA] T Equation 8-5
1.0 —

[X1(t) = [XJ(1 — exp(-t/ty))

RESPONSE TIME
DEPENDENCE ON
PROTEIN LIFETIME

fraction steady-state protein level

time

SUDDEN
ACTIVATING

(A)

INPUT

v

GENE A DNA

'
v

transcription
activator protein

RNA

S GENE X DNA
g

promoter
(px)



Mathematically analysis of cell function

Negative feedback is a powerful ACTIVATING
strategy in Cell Regulation INPUT



Mathematically analysis of cell function

Negative feedback is a powerful pp—
strategy in Cell Regulation 'NZUT
GENE A
dAl  Bama  [A] o (Al
dt T 1+KgRl T4 T With negative feedback ‘
dIR] KJAl  [R] ;E 1
dt T PRMRILUKLA] T T o
Equation set 8-8 g E No feedback
5 g B GENER
5 s 0.5 *
0

time



Mathematically analysis of cell function

Delayed negative feedback can induce
osclillations

ACTIVATING




Mathematically analysis of cell function

Delayed negative feedback can induce

oscillations
—— ¥ ACTIVATING
e Y. INPUT
7 ¢

" GENEX | GENEY [P GENEZ
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protein concentration

time



Mathematically analysis of cell function

Positive feedback is important for
switch-like responses and bistability

ACTIVATING ACTIVATING ACTIVATING

INPUT INPUT INPUT
v v v
(A) | GENE X (B) | GENE X (O | GENE X
v v
@ X
B GENEY
v




Mathematically analysis of cell function

Positive feedback is important for
switch-like responses and bistability

ACTIVATING
INPUT

v

Nullcline of Y () I GENEX

Nullcline of X

concentration of Y
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Mathematically analysis of cell function

(a) Trlgg'er 1: IPTG
E.g. an artificial bistable system in E. e
coli. (Gardner et al., Nature, 2000) | 3 e S
. Repression of @ and GFP by Lacl
Lacl represses the expression of TetR Laciby TetR | %
(and GFF), USGd aS a reporter Of the Trigger 2: anh;lr-drotetracycline
. . inhibitor of TetR
status of tetR transcription), and TetR | |
represses the expression of Lacl v = P
(IPTG) (alc)

A
-
-,
G

The system could toggle between the
TetR-off and TetR-on states by the
addition of external trigger stimuli

GFP

Fluorescence

-,
-0
3°



Mathematically analysis of cell function

Incoherent feed-forward loops generates pulses
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Mathematically analysis of cell function

Incoherent feed-forward loops generates pulses
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Mathematically analysis of cell function

Coherent feed-forward detects persistent inputs ignoring random

SUDDEN
ACTIVATING
INPUT
et pulsed input prolonged input
inactive
T e FER A1l protein SR
A1 protein _
A2 protein
A2 protein ‘
fast A1 @ delayed A2 / protein X
binding binding \_ Output — protein X
output
B B GENE X / M i
* time time

X



Mathematically analysis of cell function

Transcription regulators can exert combinatorial control

R, @
GENE GENE GENE GENE
OFF OFF OFF ON
(A)
AND NOT logic
GENE GENE GENE GENE
OFF OFF ON OFF

(B) AND logic



Genetic circuits
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OUTPUT = MESODERM DIFFERENTIATION  OUTPUT = ENDODERM DIFFERENTIATION

Par of the genetic circuit of the sea urchin developing embryo, (E.H. Davidson, Nature 474:635-639, 2011)



Genetic circuits
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Reverse engineering of gene regulatory nets

20 years of approaches

Data Transformation Validation
i Enrichment Analysis/
Simulation Compare With Existed Networks
KEGG
Expression Data
& GO Terms
3 = = = TRRUST
| POU5F1 ESCAPE
Differentiation Equati
Geqe | Boolean States Irerentiation cquations | Network FPR
Filtering Inference
Literature Expert Laboratory
Support Interpretation Experiment
l=i=] o, 5%
Gene Regulatory — =
. ' Network 3 [E. ]
Pseudo-time Trajectory Gene Correlation b

Nguyen et al., Briefing in bioinformatics, 2020



Reverse engineering of gene regulatory nets

20 years of approaches

Direct NI Module- Module inference
based NI methods
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Smet and Marchal, Nature Reviews Microbiology, 2010
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20 years of approaches

Direct NI Module- Module inference
based NI methods
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Smet and Marchal, Nature Reviews Microbiology, 2010



Reverse engineering of gene regulatory nets

20 years of approaches
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20 years of approaches

Direct NI Module- Module inference
based NI methods
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Smet and Marchal, Nature Reviews Microbiology, 2010
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association F(X, Y)



Relevance Networks

» Choose a measure of association F(X, Y)

 Define a threshold value 7

» For all pairs of genes (X, Y) compute their
association F(X, Y)

» Retain associations such that F(X, Y) > 7
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Relevance Networks

» Choose a measure of association F(X, Y)

@ —©0

 Define a threshold value 7

» For all pairs of genes (X, Y) compute their
association F(X, Y)

» Retain associations such that F(X, Y) > 7 \ /

No direction
Indirect association (confounding variables)
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Reverse engineering of gene regulatory nets
ARACNE

The measure of association F(X, Y) is the Mutual Information between two
genes I(X, Y)

The threshold value 7; iIs computed with a permutation test

Indirect associations are removed through the Data Process Inequality
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Information Entropy H

)

Claude Shannon
A mathematical theory of communication, 1948
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H
P(A) probability of emitting A
P(B) probability of emitting B (certain) O

H(Mary) = — P(A)log,P(A) — P(B)log,P(B)
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Information Entropy H

)

P(A) probability of emitting A

P(B) probability of emitting B (certain) O 05 1

H(Mary) = — P(A)log,P(A) — P(B)log,P(B)
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SANEABAKASEOE

P(i) probability of emitting symbol |

H(Mary) = Z — P()log,P(i)
€S
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ARACNE

Information Entropy H  Measures (in bits) of the
uncertainty associated with a

random variable.

 How much information we learn
on average from one instance of

_} the random symbol |

P(i) probability of emitting symbol |

H(Mary) = Z — P()log,P(i)

€S
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H(Mary) = ) — P(i)log,P(i) H(Joe) = ), = P()log,P())
cS JjEZL
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Mutual Information |

SAVAFABA%AS'E(SB% ... g '
$AVAFA&A%ASE($B% ...

l

H(Mary) = ) — P(i)log,P(i) H(Joe) = ), = P()log,P())
cS JjEZL

A%AFADAFA&”%LRS$D ...




Reverse engineering of gene regulatory nets
ARACNE

Mutual Information |

H(Joe|Mary) = ) — P(i| j)log,P(i| )
ﬁ i€Z,jes
SAVAFAZA%AS E($B% ...

l

H(Mary) = ) — P(i)log,P(i) H(Joe) = ), = P()log,P())
T=0) jez

A%AFADAFA&”%LRS$D ...




Reverse engineering of gene regulatory nets
ARACNE

Mutual Information |

H(Joe|Mary) = ), — P(i| )log,P(i]))
i€Z,jes
SAVAFASA%AS'ESB% . I(Joe, Mary) = HJoe) = Hiloe | Mary

l

H(Mary) = ) — P(i)log,P(i) H(Joe) = ), = P()log,P())
T=0) jez

SAVAFA&A%AS L($B% ...
A%AFADAFA&”%LRS$D ...
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Mutual Information |

H(Joe|Mary) = ), — P(i| )log,P(i]))
i€Z,jes

[(Joe,Mary) = H(Joe) — H(Joe | Mary)
= H(Mary) — HMary | Joe)

SAVAFABA%AS'S(SB% ...

SAVAFA&A%AS L($B% ...
A%AFADAFA&”%LRS$D ...

l

H(Mary) = ) — P(i)log,P(i) H(Joe) = ), = P()log,P())
T=0) jez
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Mutual Information |

H(Joe|Mary) = ), — P(i| )log,P(i]))
i€Z,jes

SAVAFABATAS'ESB% .. {(Joe, Mary) = HJoe) = H(Joe | Mary
SAVAFARA%AS E($B% ... = H(Mary) — H(Mary|Joe)
A%AFADAFA&”%ERSD ... N = [(Mary, Joe)
HMary) = ), — P()log,P(i) H(Joe) = ), — P(j)logP(j)

icS i€z
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Mutual Information |

H(Joe|Mary) = ), — P(i| )log,P(i]))
i€Z,jes

SAVAFASATASESB% .. IJoe. Mary) = H(Joe) — H(Joe| Mary)
SAVAFARA%AS E($B% ... = H(Mary) — H(Mary|Joe)
A%AFADAFA&”%ERS$D ... . = 1(Mary, Joe)
. P(i, j)
l — P(la ])lng . .
g;‘ ]é P@)P(j)
H(Mary) = ) — P(i)log,P(i) H(Joe) = ) — P(j)log,P(j)

icS i€z
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Mutual Information | between
two genes Xand Y

SAVAFABA%AS'S(SB% ...

SAVAFA&A%AS L($B% ...
A%AFADAFA&”%LRS$D ...
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Measure the information that
genes X and Y share

F X,Y(x, ),
Fx(x)Fy(y)

I(X,Y) = | | Fxyx,y)log,

Mutual

Association Pearson :
Information

Independent 0.51 0.51
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Reverse engineering of gene regulatory nets

Measure the information that

genes X and Y share

[ FX Y(xa y)
I(X,Y) = | | Fxyx,y)log,
J | Fx(x)Fy(y)
Association Pearson Mutua_l
Information
Independent 0.51 0.51
Linear 1.00 0.79

Siqueira Santos et al. Briefing in Bioinformatics, 2013
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Measure the information that

genes X and Y share

( Fy y(x,y)
X, Y\"¥
IX,Y)= || Fxyx, y)log,
J . Fx(x)Fy(y)
Association Pearson Mutua_l
Information
Independent 0.51 0.51
Linear 1.00 0.79
Exponential 0.99 0.90

Siqueira Santos et al. Briefing in Bioinformatics, 2013
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Measure the information that

genes X and Y share

( Fy y(x,y)
X, Y\"¥
IX,Y)= || Fxyx, y)log,
J . Fx(x)Fy(y)
Association Pearson Mutua_l
Information
Independent 0.51 0.51
Linear 1.00 0.79
Exponential 0.99 0.90
Bistable 0.40 1.00

Siqueira Santos et al. Briefing in Bioinformatics, 2013
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Measure the information that

genes X and Y share

( Fy y(x,y)
X, Y\"¥
IX,Y)= || Fxyx, y)log,
J . Fx(x)Fy(y)
Association Pearson Mutua_l
Information
Independent 0.51 0.51
Linear 1.00 0.79
Exponential 0.99 0.90
Bistable 0.40 1.00
Quadratic 0.21 1.00

Siq

ueira Santos et al. Briefing in Bioinformatics, 2013
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The threshold value 75 Is computed with a permutation test

I(X,Y)

§ Random
1 permutations

i ... E '
v .-
e
v . ‘- p
pY- . 2 'Y
B~ Y
- <o
1“
..
B
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The threshold value 75 Is computed with a permutation test

I(X,Y)

Frequency

§ Random
1 permutations

i ... E '
v .-
e
v . ‘- p
pY- . 2 'Y
B~ Y
- <o
1“
..
B

I(X,Y)
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The threshold value 75 Is computed with a permutation test

Association Association
I(X,Y) rejected accepted
Frequency e proptmesssssnn

§ Random

j permutations
_ ' P-value = 0.05
] i

_ 4:.i:=l Illl‘

: >
7, I(X,Y)
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Indirect Associations

I(X,Y)
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Indirect Associations

I(X,Y)
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Indirect Associations

I(X,Y)

Y 04 [N
D3 - o= <. i } i < a2
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Indirect Associations

I(X,Y)

i o
PR '!‘ Y
- v NS
g 0 EONNO RN S =G 3 3 < a. S
R . 3
Y A
¢

Data Process Inequality: links are removed It (X, 2) < min(I(X,Y),1(Y,Z))

ik B
-y AN
v N 2 g = g < P
v oyt 2
N et
n h
¢

I(X,Z) # 0
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If Mutual Information can be
measured without errors, ARACNE
will reconstruct the network exactly
by removing all false candidate
Interactions.
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' —— ARACNE
-© Bayesian Network
- A& Relevance Networks |

A
‘ - —— ARACNE
= | -
e, 8 0\?‘6\ " A -© Bayesian Network O
205 S * & - A~ Relevance Networks |, .§
Q) .
> A4l s ™ A
Q. 0.4 \ "
' - 4
0.3 R %AA - p,=10
A
0.2] P
3o
0.1
0 | - | - 0! L ! ‘ - |
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall

Margolin et al., BMC Bioinformatics, 2006
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PLOS ONE

&3 OPEN ACCESS ?:_ FEER-REVIEWED

RESEARCH ARTICLE

Inferring Regulatory Networks from Expression Data Using
Tree-Based Methods

Van Anh Huynh-Thu [=], Alexandre Irrthum, Louis Wehenkel, Pierre Geurts

Published: September 28, 2010 = https://doi.org/10.1371/journa l.pone.0012776
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PLOS ONE DREAM')—(’

CHALLENGES

& OPENACCESS | PEER-REVIEWED powered by Sage Bionetworks

RESEARCH ARTICLE

Inferring Regulatory Networks from Expression Data Using Overall winner of DREAM4 (2019) and
Tree-Based Methods DREAMS5 (2010) challenges

Van Anh Huynh-Thu [=], Alexandre Irrthum, Louis Wehenkel, Pierre Geurts

Published: September 28, 2010 = https://doi.org/10.1371/journa l.pone.0012776
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GENIES
CHALLENGES 7/ [
& OPENACCESS JB PEERREVIEWED powered by Sage Bionetworks
Inferring Regulatory Networks from Expression Data Using Overall winner of DREAM4 (2019) and
Tree-Based Methods DREAMS5 (2010) challenges

Van Anh Huynh-Thu [=], Alexandre Irrthum, Louis Wehenkel, Pierre Geurts

Published: September 28, 2010 = https://doi.org/10.1371/journa l.pone.0012776

Model Based: learn a model that explains as well as possible the
observed expression data and extract the network from this model
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GENIE3

Expression data

1[N

B —

LS? |——

LR

mil

157

1111

Output gene Input gene

Reverse engineering of gene regulatory nets

Decompose the problem into p sub-

problems. Each sub-problemi € {1,...,p}
finds the most strong regulators of G;

©(G) = f(e(Gy), (G, ....e(G))
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GENIES3
isal % E— e(Gl) =fl(€(G2), el €(Gp))
T — —  e(G,) =f(e(Gy), ..., e(Gp))

- = —  eG) =f(e(G)),....,e(G,_))
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Reverse engineering of gene regulatory nets

f: can be learned in several ways

e(G) = f1(e(Gy), ..., e(G))

e(Gy) = fr(e(Gy), ..., e(G)))

e(G,) = (e(G)), ..., e(G,_))
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is:

Expression data

Output gene

I

|

[

Input gene

Learning f;

-
Tree ensemble

é?\@‘

Tree ensemble

R o

/
Tree ensemble

X?*?A

_>

Reverse engineering of gene regulatory nets

GENIE3 adopts a random forest
approach which is:

non-parametric

can deal with interacting
features

work well with high
dimensional datasets

It IS scalable
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Expression data

mmm
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: =S P Learning f; Gene ranking

N — P— f Tree ensemble.
|55 b W
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LS™ | — 55— — . @ A{/i)\ > || |
— — SES —
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GENIE3

Precision
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Reverse engineering of gene regulatory nets
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SIRENE: supervised inference of regulatory
networks o

Fantine Mordelet 2, Jean-Philippe Vert

Bioinformatics, Volume 24, Issue 16, 15 August 2008, Pages i76-i82,

Supervised Model Based: learn from known gene-gene interaction a SVM
model that explains as well as possible the observed expression data and

extract the network from this model
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SIRENE: supervised inference of regulatory
networks g

Fantine Mordelet &, Jean-Philippe Vert

Bioinformatics, Volume 24, Issue 16, 15 August 2008, Pages i76-i82,

Unsupervised
iInference

Expression data
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JOURNAL ARTICLE
SIRENE: supervised inference of regulatory
networks d

Fantine Mordelet =, Jean-Philippe Vert

Bioinformatics, Volume 24, Issue 16, 15 August 2008, Pages i76-i82,

Unsupervised
iInference

Expression data
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SIRENE
Machine Learning Many algorithms
.‘_ KNN
@ 4 Naive Bayes
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® ® Deep Learning (Neural Networks)
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Support Vector Machine
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Local Model

for each Transcription Factor (f)), learn to
discriminate the regulated vs non-regulated genes
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Local Model (One-class approach)

for each Transcription Factor (tf)), learn a

score S,fi(e(Gi)) function to assess the

similarity with the set of known positive
expression profiles. Then classify the
unknown genes decreasing score.
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Local Model (One-class approach)

for each Transcription Factor (tf)), learn a
score 5,¢(e(G;)) function to assess the

0O O
similarity with the set of known positive ° )
expression profiles. Then classity the % °
unknown genes decreasing score. ©

Known Positives
regulated by £/,
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Local Model (One-class approach)

for each Transcription Factor (tf)), learn a

score S,fi(e(Gi)) function to assess the

similarity with the set of known positive
expression profiles. Then classify the
unknown genes decreasing score.

Learned score
function Stfi()
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Local Model (One-class approach)

for each Transcription Factor (tf)), learn a

score S,fi(e(Gi)) function to assess the

similarity with the set of known positive
expression profiles. Then classify the
unknown genes decreasing score.

Classification of
Unknown genes
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E.coli benchmark used by Faith et al., (2007)

Mordelet and Vert, Bioinformatics, 2008
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Method Recall at 60% (%) Recall at 80% (%)
SIRENE 44.5 17.6

CLR 7.5 5.5

Relevance networks 4.7 3.3

ARACNe 1 0

Bayesian network 1 0

Mordelet and Vert, Bioinformatics, 2008

E.coli benchmark used by Faith et al., (2007)
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