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Outline

¢ Systems biology and data

¢ Introduction to Petri nets

+¢* Signal transduction pathways
¢ Other Petri net projects

¢ Take-home messages



To model disease processes,
we have to understand
the function of proteins and
their interplay
in the biological system

Ina.koch@bioinformatik.uni-frankfurt.de



Challenges in systems biology

Incomplete data

Different time points and different locations in the cell

Different | Data determine the choice

of the modeling approach
Different CAPCTITITETITS UTTUCT Var yITTg ©APTI mrrerreal conditions

Different scales: genomics, transcriptomics, proteomics,
metabolomics, interactomics, imaging, ...



Lesson 1
"Petri Nets”
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Petri nets

Mathematical theory that describes systems with
concurrent processes

Developed by Carl Adam Petri (1926 —2010)

Basic definitions in his PhD thesis at University of
Technology Darmstadt in 1962

Many applications in computer communication,
operating systems, software dependencies, manufacturing systems,
business processes

Carl Adam Petri mentioned application to chemical networks already in 1976
First paper on biochemical application by Venkatramana Reddy et al. in 1993

Applications to metabolic networks, signal transduction pathways, gene
regulatory networks using discrete, stochastic and continuous methods

Ina.koch@bioinformatik.uni-frankfurt.de 6



Lesson 1
"Petri Nets”
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i The Petri Vet Approach

Molecular Petri nets

G6P + 2 NADP* +H,0 — R5P +2 NADPH + 2 H* + CO,

Glucose 6-phosphate

firing rule
CO,

Movable objects: tokens l

untimed

timed-discrete

stochastic (random variables, distribution function,
Gillespie’s algorithm)

continuous (ODEs, kinetic modeling)

Koch, Reisig, Schreiber (2011) Modeling in Systems Biology — The Petri Net Approach, Springer
Ina.koch@bioinformatik.uni-frankfurt.de 8
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Why Petri nets?

Insufficient kinetic data, but many qualitative data from “omics”
Dynamic’s prediction becomes possible without knowing kinetic parameters

Analysis: model verification, reduction, decomposition,
invariant analysis, reachability analysis, liveness

Simulation: token game, synchronous, asynchronous, deadlocks,
token accumulation

Strengths:

+» Different models of abstraction (Boolean, discrete untimed & timed,
stochastic, continuous) — hybrid models

*» Flexibility in changing firing concepts (e.g., Fuzzy logics)

* Intuitive visualization and simulation combined with the analysis
and simulation

+* Knockout analysis
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Petri net analysis at steady state

< Minimal place invariants (Pls)
substance conservations

< Minimal transition invariants (Tls)
basic functional processes
cyclic firing sequences to the initial state
Lautenbach (1973) GMD Report No. 82

correspond to elementary modes
Schuster et al. (1993) Second Gauss Symposium

% In silico knockout

knockout matrix
Scheidel et al. (2016) PLoS Computational Biology

Ina.koch@bioinformatik.uni-frankfurt.de
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Example: transition invariants

Tl = (ty, t,)

p t
? ! Tl = (t, t,)

Pq



Functionality in sighaling pathways
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Lack of the kinetic parameters for many reaction steps

Often incomplete data, regarding the stoichiometry,
concentrations, reaction rates, or reaction constants

Many other data: ranging from gene expression to
imaging data
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TNFR-mediated NF-kB activation

Proteasome

RSC_ub:TAK1:IKK:A20

SynTNFR1 !SynTNF

TNFR1 ITNF

SynTRADD

TNFR1:TNF:TRADD
Bin3
TNFR1:TNF:TRADD:RIP1
Bin4,
TNFR1:TNF:TRADD:RIP1:TRAF2
Bin5
TNFR1:TNF:TRADD:RIP1:TRAF2:clAPs
SynTAK1
TAK1
Bin6|

RSC_ub:TAK1:IKK
NF-kB:IkB

Dis1

RSC_ub:TAK|1:IKK:NF-kB:IkB

Proteasomal_deg i

IkB_p NF-kB_n:Gen_A20

A0«

Ina.koch@bioinformatik.uni-frankfurt.de

31 transitions
29 places
69 arcs

Exp NF-kB:lkB_n
Bin10
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Motivation for Manatee invariants

. «, e . . Syn TNFR1 Syn TNF
Observation: transition invariants e
(Tls) are unable to represent signal

Syn TRADD
flows from the receptor to the cell TRADD
Bin2
response in networks with cycles . i
Bin3 Syn TRAF2
TNFR1:TNF:TRADD:RIP1 TRAF?2
Aim: mathematical concept to —
compute all signal flows from rmm—— S
receptor activation to the Ce" TNFR1:TNF:TRADD:RIP 1: TRAF2:clAPs
Syn TAK1 Ubi Syn IKK
response
TAK1 RSC_ub @ IKK
Bin6

Bin7 NF-kB:kB Exp NF-kB:IkB_n

RSC_ub:TAKTIKK

Method: linear combination of Tls

Syn NE«B

Bin11
Y
to get Manatee invariants (Mls)  rscumcumcan RSC_ubiTAK
. Dis1
based on feasible Tls
Sackmann et al. (2006) BMC Bioinformatics Pmteasuma::: NF-kB_n:Gen A20 ‘
A20 @« Bing
Syn A20

Ina.koch@bioinformatik.uni-frankfurt.de
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Manatee invariants

** Aim: Prediction and characterization of complete signal
flows
— from signal reception to cell response

** Method: Formation of linear combinations of feasible,
minimal transition invariants, preserving the properties of
feasibility and CTI.

s Assumption: feasible transition invariants represent
complete signal flows in the Petri net

Amstein et al. (2017) BMC Systems Biology

Ina.koch@bioinformatik.uni-frankfurt.de 15




Realizable Tls vs feasible Tls

m, = (0, 0):

Tl =(ty, t,) realizable, not feasible
t Tl, = (t;, t,) realizable, feasible
t3 m, = (1, 0):

T, T, = realizable, feasible



Enzyme-catalyzed reaction

E
S P
ES
syn E deg E
E
|| >O > O
syn S S bin E:S complex rel P deg P



Enzyme-catalyzed reaction

Transition invariants:
Tl, = (syn 'S, bin, rel, deg P)

)
TN

syn S S bin E:S complex rel P deg P

The Tl;-induced network



Enzyme-catalyzed reaction

syn E deg E . . .
Transition invariants:
E

Tl, = (syn E, deg E)

The Tl,-induced network



Enzyme-catalyzed reaction

syn E deg E cre .
Transition invariants:
S Tl, = (syn S, bin, rel, deg P)
Tl, = (syn E, deg E)
O
syn S S bin E:S complex rel P deg P

\/
*

** Both processes are biologically interrelated
% Tl is dependent on TI,

For m,=(0,0,0,0):
< Tl =realizable, not feasible
< Tl, =realizable and feasible



Place invariant analysis

syn E deg E
E
)
vy
syn S S bin E:S complex rel P

Tl, — induced network

syn S S bin E:S complex rel P deg P

PI(T1,) = (E, E:S complex) = not feasible

Transition invariants:
Tl, = (synS, bin, rel, deg P)
Tl, = (syn E, deg E)

Tl, — induced network

syn E.\O/.deg E
E

Pl-free = feasible



Construction of Manatee invariants

*»* Determine cycles that cause disruptions in signal flows:
-2 PIs in Tl-induced networks

¢ Find processes that overlap with the cycles:
—Tls that serve places of the Pls in Tl-induced networks

** Combine interrelated processes:
— Construction of all possible linear combinations of Tls

*¢* Ml-induced networks are Pl-free
—Pl-free in contrast to the complete PN



Construction of Manatee invariants

syn E deg E eee .
Transition invariants:
E Tl, = (syn 'S, bin, rel, deg P)
Tl, = (syn E, deg E)
B -+ »Q O—1l
syn S S bin E:S complex rel P deg P
Manatee invariants Pl-free Ml-induced network feasible
Ml =TI, +Tl, yes yes
Ml, =TI, yes yes

Manatee invariants are linear combinations of Tls
that induce Pl-free networks!



Signal flows described by Manatee invariants

syn ™NFR1 [l Wsyn ™vF

TNFR1‘ ‘-mr

syn TRADD [ Bin1
TRADD @ TNFRA:TNF
Bin2
Ml syn RIP1
TNFR1:TNF:TRADD .ﬁlm
Bin3
" [ syn TRAF2
TNFR1:TNF:TRADD:RIP1 @ rar2
Bind Tll: feasible
Bl syn ciaPs

@tines Tl,: not feasible

Tl;: not feasible

TNFR1:TNF.TRADD:RIP1:TRAF2
Bin3
TNFR1:TNF:TRADD:RIP1: TRAF2:clAPs ‘

syn TAK1 [l iUbl W syn IKK
TN‘“‘ ‘Rsc_m ‘IKK
Binli"i‘

Bin7 NF-kBiIxB  EXp NF-kB:kB_n

RSC_ub:TAKT:IKK Cra Bin10
Bln11!‘
kg  Imp2
RSC_ub:TAK1:IKK:AZ0 .. RSC_ub:TAK1:IKK{NF-kB:IkB IKB_n
Syn NE«B
Dls1i Imp?
» NF-KB_n
Deg NFB

NF-kB_n:Gen A20 NF-kB_n:Gen IkB

o

‘.sennqs

Proteasomal deg i

A20 (@«

Ina.koch@bioinformatik.uni-frankfurt.de

syn ™NFR1 [l Blsyn ™F

TNFR1 ‘ ‘TNF

syn TRADD [l E'B'm
TRADD TNFR1:TNF
Bin2 -
TNFR1:TNF:TRADD @rip1
Bin3 .Syn TRAF2
TNFR1: TNF:TRADD:RIP1 .‘sz .
Ml : TI, = feasible
Bind
[l syn ciaPs

ML, . Tl + T+ Tl;+ 71,
- feasible
MI;: Tl +Tl,+Tl,

- feasible

@Ciars

TNFR1:TNF:TRADD:RIP1:TRAF2
Bin$
TNFR1:TNF:TRADD:RIP1: TRAF 2:clAPS ‘
syn TAK1 [li] iUbI Wisyn KK
TAK1 ‘ ‘Rsc_m ‘ IKK
Blnﬁ‘i‘

Bin7 NF-kB:IkB Exp NF-kB:xkB_n

RSC_ub:TAK 1:IKK Bin10
Bln11!‘
RSC_ub:TAK1KK:A20 @ RSC_ub:TAK1:IKKINF-KB:IkB
DlS'li
NF-kB_n

IkE_p
y  NF-xB_n:GenA20 .'

Proteasomal deg .

A20 @< m Blnﬂ,.’ Syn kB
Syn A20

‘.Gen A20

@ NF-kB_n:Gen kB
‘

. G:i“:n
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Motivation and aim of the work

¢ Joint project with physicians from Goethe-University Frankfurt am Main

Simone Fulda

/7

s Knowledge compilation into a mathematical model

/7

s Computational verification of the model

/7

** Role of RIP1 and other proteins as molecular switch
between apoptosis and necroptosis

'

Leonie Amstein Amstein et al. (2017) BMC Systems Biol

Ina.koch@bioinformatik.uni-frankfurt.de 25



The TNFR1 signal transduction pathway

Necroptosis

Amstein et 2l { B3N BHAS COmPHEAkiaRG| Biology
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The Petri

— Clla_inkib
syn_TNFR1 @ THFR1 9] 2 | »illiss:
THFC) CliaicFLIPL

net of the TNFR1 signaling pathway

e " TRADDE) Clafes2 oo e T4 CcASPS
sym_TRADD [li—»4) TRADD T TRADDCY OTRADD.c  Procasps OMLKL dissd NECROPTOSIS
syn_RIP1 Jl—=@RF1 . RIP_diss (OMLKL_p MO Clib_diss
N _— MLKLp TS5 MLKL_PM
B ’ cFLIPs cuu';;l.lps Clip:cFsRIPZ TS7 RIP1:RIP3 o petoptoss
syn_ciap Jl—w@cier TRADD P! RIP3 - RIP1:RIP3_inhib
- 0 CFLIPL T60 "
~= Open-source tool: Monalisa
syn_NEMOJl—»@ p u L
-«®—®| Einloft et al. (2013) Bioinformatics
ruecl—0| Www.bioinformatik.uni-frankfurt.de/tools/monalisa/index.html
e o () KEZub LUBAC M 1ub: NEMO - TRADG.RIP1 W
Syn_NF-ke [ll—»@ NF-k8 T8 o Apoptonts - 1Bid_MOM
TAB_KB3ub -
Syn_FADD }——»@Fa00 XIAP T4
TAK1Q) Te8
Syn_Procasps [|——»@ Frocasp diss1
TABTAK_KB2ub ()
sym_scr ll—»@ 5CF XIAP.CASP3

tBigBAX_2

Syn_cFLIPs Jli—»@cFLPs NE-KE
Cl diss CASP3_inhib

BOL-2:BAX

BAX_inhib

syn_RIP3 —»@RP2 CLaZo APOPTOSIS
O BAX: BAX
:BAX_pore
syn_MLkL [ll—e@ MLkl a_Kadub
NF-kB ACTIVATION SHACTIE
P 3
Syn_Procasp3 [f—»Q) Procasp NFKB_n2 Cyt ¢_mito
syn_Bid [li—@s8ic
XIAP_g BCL-2 g -~
Apo_XIAP_inhib
syn_gax [l—»@8ax
Apafi
syn_smac [l—»@ smac_mito NFAE Fed_inhib  XIAP:Ped
g6 casp3
syn_Cyt ¢ l—>@ Oyt c_mito
Syn_apal1 [l——»@ Apaft (OCFUPL_MRNA  ()BCL-2_ MRNA  CASP9_diss
Syn_Procaspd [l—»@ Procespg XIAP Procaspd dissE
WE Syn_lke Syn_AZ0 Syn_XIAP Syn_cFLIPL Syn_BCL-2 T4 CASPS i3 Apoptosome_diss

Ina.koch@bioinformatik.uni-frankfurt.de
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Manatee invariants predict signal transduction

TNFR1 T1 FADDQ) T47 Clia_inhib
Syn TNFR1 [l @ TNFR1 [ ] FUPL @ O diss3
TNF T-FADD Clia:cFLIPL Clla_diss
Sy TN [l > @TNF & g a _ o
T43 T44 Clia T45 Clla:Pc8_2 T46 CASP8
TRADD .in -
Syn_TRADD i} »@ TRADD ® Ta2 O e RR -ss -
I
T.T:TRADD (OTRADD ¢ Procasp RIP3 @ Q
RIP1:RIP3 MLKL
syn_RIP1 [} »@RIP1 T RIP_diss O QMLKL_p 0 (DClib_diss
RIP1 @ -i T.T_diss () O deg1 751 T52
Ta9 785 T56 MLKLp  T58 MLKL_PM
syn_TRAF2 [l}— »@ TRAF2 T50 O O Necroptosis
TT.T.RIP cFLIPs Clib:cFLIPs Clib:cFsRIP3 T57 .
T48 TRADD:RIP1 RIP1:RIP3_cl
syn_claP [l »@clAP RIP3Q) O RIP1:RIP3_inhib
TRAF2 @ T4
cFLIPL T60
TRADD_diss () i
syn_TAB [} »@TAB ‘T‘T:T‘R_‘IMFZ O Pc8_inhib
Clib:cFLIPL PcB:cFLIPL
Syn_TAK1 [l »@TAK! dAP .—'iTs T62
) ‘ LT O = dissS
T.T.T:R:T:clAP ® Clib:Pc8_2 Clib_diss o
Syn_NEMO[l}—— »@NEMO [ -
cYLD
T:T:T:RT:c_K63ub T4 @ CASP8 T65
syn_IKK [l »@ KK = 1
/\ K63ubyUBAC o K63ubL:CYLJ
o / ¢ \ \ NEMO O 279 OBid
syn_ LUBAC [ll—»@LuBaC  TAB@ a7 /) i‘ @ CASP8_diss
TR =
/ 1 Procasp3 (O
/ O\ T15 766
: ‘ KB3ub:NEM M t 63
oo m—sgovn KT ® /[ @rsueneyo anatee -
. K63ub:LUBAC M1ubs DO:RIPY )
T8 ™ \ H . Apopkosis (tBid_MOM
Syn_NF-k8 [l »@NF-+8 ( 16 I nva r I a nts ss CASP3 BAX BCL-2
TAB_K63ub ‘ ‘NEMO_K&Sub T67 O
Syn_FADD l}——»@FADD \ KK
m ‘NEMOiMmb Te4
TAK1 @ Te 712 @ T68
Syn_Procasps [J}——»4)Procasps ‘#TI‘I Bid:BAX
TAB:TAK_K63ub ‘NEMO?KK,KGM IAP-CASP b
Syn_SCF [l—»@SCF NAPCASPI L)
‘NEMO.IKK_Mmb A% BBAX2 () (OBCL-2:BAX
Syn_cFLIPs [Ji——>@cFLIPs NF-AB 3 @
) CASP3_inhib
Cl@g- " »@ »ci_diss - 70 BAX_inhib
T41 Cl:A20
syn_RIP3 [l—>@RIP3 NF-kB:IkB T8 ke T24
@ @ - > @ »lldeg? BAX:BAX_pore ()
Syn_MLKL [l—»>@MUKL T22  CINd 1kB_K48ub
degd [}« @NF-kB SCF@ SMAC @SMAC_mio
Syn_Procasp3 [i——»@ Procasp3 deg5 O QO Cyt c_mito
T30 NF-kB_n2 e =
syn_Bid [li—»@Bid - SMAC:XIAP:Pc9
_| l A20_g XIAP g BCL-2 g oo SIAE il (OcCytc
X inhil
Syn_BAX [ll——»@BAX 26 |\ ‘e o
T3g L‘ ‘ . O QApaft
/ Pe9_inhib  XIAP:P
Syn_SMAC [Jl——»@ SMAC_mito NF-AB_pAZ ¢9_inhib 9
NF-4B_n:kB_g | | / degé  cagp3
Syn_Cyt ¢ [li——>»@ Cyt c_mito i © (@ Apoptosome () {0)Procasp9
T27 | T29 XIAP
Syn_Apafl [l}——»@Apalt . ‘IkB_mRNA ‘AznmeNA ()cFLIPL_mRNA  ()BCL-2_mRNA  CASP9_diss ()
Syn_Procasp9 [Jf——»@ Procasp9d Aiﬁrﬁ"&a&:h @ bXIAF' Procasp3 (O O diss6
kB Syn_lkB A IO T74 CASP9 T73 Apoptosome_diss
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Pathway classification based on Mls

17%

Survival

Apoptosis

56% ,
5700 ° Necroptosis

s Classification von 214 Manatee invariants according
to their cellular outcome
¢ Robust survival response: in agreement with

experimental observations
Ting & Bertrand (2016) Trends in Immunology



In silico knockouts

s Allow for perturbation analyses based on transition and place invariants

s Matrix representation: illustrates the effects of (single as well as
multiple) knockouts of each network component

s The software isiKnock combines the concept of in silico knockouts with
the computation of Manatee invariants

@ Halp Bxpot View @ Haip
E | - Scheidel et al. (2016) PLoS Computational Biology
_ g E . Amstein et al. (2017) BMC Systems Biology
= iefinack - o . Hannig et al. (2018 ) Bioinformatics
88 aan z s
mg“’:&m nvariants (Tast search) E g g E ; ; ;
d_lla-em nvananis (exhan 10w sesrch) =R R g g v
= EEEE: PEE
e PEEREEEE:ER G
= ([ - ks QO O0000000000
o |- w9 000000000000
o . e QOO 0000000000
on A e P O00000000000
= =gt ! s Q000000000000
Tems -l'e T swiFf D0 00000000000 . Unaffected places . Affected places

. Select all reachons | Selact ol
T — - skt 9O 0000000 0000
flankfurt.de
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clAP

IKK
LUBAC

NEMO
NF-kB

RIP1

TAK1

TNF

TNFR1

TRADD

TRAF2

SMAC mimetics

Cycloheximide

In silico knockouts of the TNFR1 Petri net

. BCL-2:BAX

. Cl:A20

» Knockout matrix based on
Manatee invariants

Clla_cFLIPL
Clib:cFLIPL
XIAP:CASP3

XIAP:Pc9
\/

o © oo * 20 in silico knockouts,
2 therapies
® o o0 (SMAC mimetic,
o o oJe; cycloheximide),
e o o0 21 complexes
e o ®@® - I|dentification of knockouts

that overcome the robust
survival response

** |ldentification of the most
important check points
of the molecular switch

O Unaffected places . Affected places

Ina.koch@bioinformatik.uni-frankfurt.de 31



Take-home messages

Petri net formalism is useful for many applications in biology and
medicine at different levels of abstraction

Critical points are incomplete and diverse data
We have to understand the experiments and biological processes
Transition invariants are useful for dynamic and functional pathway analysis

Manatee invariants define complete signaling pathways, from receptor
activation to the cell response

The in silico knockout analysis can be used for model verification and
generation of new hypotheses

Try to interpret and visualize the results



Comparison and cross-talk of the canonica
and non-canonical NF-kB pathways

Kira Trares

N

| LN

Franziska Kramer

Canonical pathway |

syn_CD40 syn_CD40L

T——
/ TRAF2
r syn_TRAF2 0
TRAF6 deg_TRAF2 TRAF3
TRAF6_recruitment syn_TRAF6 syn_TRAF3 recruitment
deg_TRAF6 deg_TRAF3 claP1
: : - syn_clAP1/2 TRAF2:TRAF3:CIAP1/2
CD40:CD40L:TRAF6 deg_clAP12
S TAK1
— M syn_TAK1 self-ub_TRAF2
TAK1_activation deg_TAK1
TRAF2_ub
TAK1_activated Kalpha syn_IKKalpha
deg_IKKalpha
///.syn KKbeta ub_clAP1/2
IKK_recruitment deo:IKKbe!a B
EMO IKKalpha IKKbeta NEMO

syn_Nemo O L

~
““Eldeg_NEMO _recruitment_c
IKK_complex_c

IKK_complex

phos_IKKbeta

bind_TRAF3_ub
TRAF3_deg

‘:husJKKalphafc

lilfjcomplex_actl\mled KB syn_IkB syn_NIK
e IkB:p50:Rel
=S O form_IkB:p50:RelA
phos_IkB
50:RelA O—— Il syn_p50:RelA
IkB_phos:p50:RelA

TBK1

form_p100:p50:RelA_c

ub_lkB_phos
p100:p50:RelA_c for

IkB_phos_ub:p50:RelA D S TETTTE——
hos_p100_c

proteasomal_deg p100_phos:p50:RelA_c

p50:RelA_n ub_p100_c

p100_phos_ub:p50:RelA_c P100_phos_ub:RelB

nuclear_translocation_p50:RelA

p100_processing_c p100_processing

p52:RelB

Ina.koch@bioinformatik.uni-frankfurt.de
Trares et al. (2021) Biosystems

nuclear_translocation_p52:RelB

deub_TRAF3

pho sANik\-o/

NIK_phos

decomp_TRAF3|deg

villdeg_NIK_phos
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Xenophagy in epithelial Hela cells after
Salmonella Typhimurium infection

e e

BAEEELI L
13 "1yl gd

TIVITITIYY

+* Classical Petri net
+* Stochastic Petri net

Hannig et al. (2018 ) Bioinformatics

lvan Dikic Scheidel et al. (2016) PLoS Computational Biology

Ina.koch@bioinformatik.uni-frankfurt.de 34



Agent-based model of Salmonella movement
on the cell surface

Mfmoneﬂa Medium
i c Washing
_—

: 4 -‘ Landing Ruffle initiation Ruffle joining
R | Take off
Nasrin Alikhani Jz %C Cell surface

Chamgordani

Epithelial cell

Enter the cytosol Stay vacuolar
Cytosolic Vacuolar
rephcatlon repllcahon

Vacuolar
%a Cytosolic
Xenophagic
capturing and / /

degradation Death

Jennifer Hannig

unpublished ..

Ina.koch@bioinformatik.uni-frankfurt.de



A Petri net model of the human lymph node

unpublished




A Petri net model of the human lymph node

Martin-Leo
Hansmann

Sonja Scharf

¢ Based on the tremendous knowledge of pathologists

and on own experimental 2D and 3D data
Ina.koch@bioinformatik.uni-frankfurt.de unpublished 37
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System’s invariants

\Transition| r; r, g Iy
Place
C -2 -1 -1 +1
O, -1 -1 0 O
CO +2 0 +2 =2
CO, 0O +1 -1 +1
init O 0 O 0

P-invariants

place (P-) invariant: C'x=0
transition (T-) invariant: Cy =0
0: steady-state constraint

Search for minimal nonnegative,
nontrivial integer solutions

Minimal: Az: supp (z) < supp (u) and the largest
common divisor of all non-zero entries of uis 1

=2x; —1x, +2 x5 =

-1x;, -1x, +1 x, =
-1x, +2 x3-1x, =
+1x, -2 X3 +1x, =
+3 x; +2 X, -1x;=0

—2Xx3-1x,+1x;,=0

T-invariants

=2y, -1y, -1y, +1y,+3y: =0

-1y, -1y, +2y. =0

+2 y, +2y,—2Y, —-2y:,=0
+ly, -1y; +1y, -1y.=0

-1y, +1y,=0

Parikh vector: vector of firing frequencies
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Thank you for joining!

Semi-quantitative modeling in systems biology: the Petri
net formalism.
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