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Model development and simulation of biological networks is recognized as a key task in Systems Biology.
Integrated with in vitro and in vivo experimental data, network simulation allows for the discovery of the
dynamics that regulate biological systems. Stochastic Petri Nets (SPNs) have become a widespread and refer-
ence formalism to model metabolic networks thanks to their natural expressiveness to represent metabolites,
reactions, molecule interactions, and simulation randomness due to system fluctuations and environmental
noise. In the literature, starting from the network model and the complete set of system parameters, there
exist frameworks that allow for dynamic system simulation. Nevertheless, they do not allow for automatic
model parameterization, which is a crucial task to identify, in silico, the network configurations that lead
the model to satisfy specific temporal properties. To cover such a gap, this work first presents a framework
to implement SPN models into SystemC code. Then, it shows how the framework allows for automatic pa-
rameterization of the networks. The user formally defines the network properties to be observed and the
framework automatically extrapolates, through Assertion-based Verification (ABV), the parameter configu-
rations that satisfy such properties. We present the results obtained by applying the proposed framework
to model the complex metabolic network of the purine metabolism. We show how the automatic extrapo-
lation of the system parameters allowed us to simulate the model under different conditions, which led to
the understanding of behavioral differences in the regulation of the entire purine network. We also show the
scalability of the approach through the modeling and simulation of four biological networks, each one with
different structural characteristics.
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1 INTRODUCTION

The purpose of Systems Biology is to support biologists’ analysis through mathematical and com-
putational models capable of representing biological systems and predicting, in silico, their com-
plex behaviors. Biological models can be quantitative or qualitative [44]. Quantitative models such
as kinetic models rely on mathematical formalism (e.g., ordinary differential equations (ODEs))
and allow for a more accurate modeling through actual molecular concentrations and time scales
[44]. These are dynamic models and can be deterministic or stochastic [40]. Deterministic models
capture the global behavior of the network elements, while stochastic models incorporate ran-
domness to take into account possible fluctuations and noise due to interacting molecules in the
environment [11]. Nevertheless, the applicability of quantitative models is limited to small and
well-studied systems. The large number of independent variables, the lack of quantitative infor-
mation, and the relationships strongly depending on qualitative events make mathematical mod-
els difficult or even prohibitive to obtain and analyze [30, 44]. In contrast, qualitative models (e.g.,
topological models, Boolean networks) or semi-quantitative models require fewer configuration
parameters. They are more focused to discover network properties and to reproduce the system
behavior at a higher level of abstraction [3, 33, 34, 39].

In this context, Petri Nets (PNs) have been adopted for both qualitative and quantitative mod-
eling [12]. They provide an intuitive graphical representation, well-founded mathematical prop-
erties for qualitative analysis, and dynamic simulation [35]. Thanks to their extension to model
more advanced and detailed behaviors like transition delays, inhibition arcs, and colored tokens,
they have become one of the reference formalisms to model biological systems [11, 35].

In [23], the authors show the benefits of using PN instead of ODEs in terms of flexibility and
understanding, to simulate the metabolic pathways of the glycolysis. In [21], the authors address
the synthesis problem, treating synthesis as an automated process that, given behavioral specifi-
cations or partial specifications of a system to be realized, decides whether the specifications are
feasible, and then produces a Petri net realizing them exactly, or if this is not possible produces a
Petri net realizing an optimal approximation of the specifications.

In [37], the authors introduce the hybrid functional Petri Nets (HFPNs) to solve problems
associated with the representation and simulation of bio-pathways. Other approaches and soft-
ware applications based on continuous timed Petri Nets (CTPNs) have been applied to model
and simulate biological systems through a semi-quantitative paradigm [4, 41]. Different model
checking techniques and controllability evaluation methods have been also proposed to verify,
through formal methods, PNs correctness and soundness (see [50] and [43] for the corresponding
surveys). PNs have been applied to model place invariants and transition invariants to validate
complex processes such as apoptosis [29] and to understand the processes at the basis of the iron
homeostasis [42].

Stochastic Petri Nets (SPNs) are a form of PN that allows the model to support randomness,
which is fundamental to take into account possible fluctuations and noise due to molecules inter-
acting in the environment [11]. For example, SPNs have been successfully applied to obtain new
insights in the development of hepatic granuloma throughout the course of infection [1], and to
model signal transduction pathways in the process of angiogenesis [36].

ACM Transactions on Embedded Computing Systems, Vol. 20, No. 4, Article 31. Publication date: May 2021.


https://doi.org/10.1145/3427091

SystemC Implementation of Stochastic Petri Nets for Simulation and Parameterization 31:3

SBML-to-SystemC parser

Metabolic network @ Automatic Parametrization
Stochastic Petri net o

(SPN) model |

Unknown input generation

] - genetic-based algorithm -
: \

| @ H ": Simulation feedback

(scores)

Extended Finite
State Machine

i

(EFSM) model p = N
| Stochastic simulation kernel | . .
Dynamic Assertion-based
~ verification
AN J
Metabolite Network
level level .
< Network properties (PSL)
Property checkers

SystemC simulation platform

Fig. 1. The framework overview.

Software applications have been developed to implement and simulate both stochastic and de-
terministic PN models. The best known are Snoopy [28], Monalisa [2], and iBioSim [49]. They
allow for the simulation of complex biochemical systems including metabolic pathways, signal
transduction pathways, and gene expression networks. Nevertheless, a recurrent issue of these
software applications is related to the concept of parameterization. Very often, due to the lack of
quantitative information, it is necessary to explore the solution space of the parameters to extrap-
olate the network configurations that lead the model to satisfy certain biological properties. In
the tools at the state of the art, this process requires manual tuning of all the unknown parame-
ters combined with in vitro experimental data to obtain model behaviors matching the biological
knowledge. Since the solution space to explore grows exponentially with the network size, such
a manual parameterization task becomes prohibitive when applied to realistically large networks
[14, 26, 48, 52].

SystemC has been used in the past to implement signal transduction models for deterministic
simulation [5, 15, 17, 18]. This work targets metabolic networks represented by PNs and their
stochastic simulation for which, to the best of our knowledge, there is no prior work.

In this work, we propose a framework that applies languages, techniques, and tools well es-
tablished in the field of electronic design automation (EDA) to model and simulate metabolic
networks. Since biological systems and electronics systems share several characteristics like con-
currency, reactivity, abstraction levels, and issues like reverse engineering and design space explo-
ration [5, 22], we show how the proposed EDA-based framework can introduce automation and
flexibility to model, simulate, and help in the analysis of metabolic networks.

Figure 1 shows an overview of the framework (which is available for download at
github.com/InfOmics/NAPS). Starting from the PN model of a metabolic network, the framework
generates SystemC code that implements the behavior of each single metabolite and reaction. Since
metabolic networks are widely available on many biological databases [46] in the System Biol-
ogy Markup Language (SBML) standard format [31], we developed a parser to translate models
described in such a format into SystemC [9].
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We propose a translation of PN models of biological networks into concurrent extended finite
state machines (EFSMs) to take advantage of existing and well-consolidated methodologies and
tools to modularly and automatically synthesize EFSM models into executable SystemC code. In
addition, such a translation will allow us (in our current and future work) to evaluate the robustness
and sensitivity of the metabolic networks by applying mutation models for EFSMs, which are
well investigated in system-level electronic design, by automatically injecting perturbations in the
model.

The framework completes the SystemC implementation of the network with a stochastic sim-
ulation kernel. The user defines network properties through a formal specification language (i.e.,
PSL), which are automatically synthesized and plugged into the network code. The framework
then applies assertion-based verification (ABV) combined to an automatic parameter gener-
ation based on a genetic algorithm to extrapolate the parameter configurations that satisfy the
defined network properties.

It is important to note that this work does not target formal verification of biological networks
through model checking, for which several existing approaches could be applied directly to the
PN representation. This work targets the automatic parameterization of the networks through
dynamic event-driven simulation, since the complexity and the design space size of the problem
do not allow us to apply formal methods.

We present the results obtained by applying the proposed framework to model the complex
metabolic network of the purine metabolism starting from the metabolomics data obtained from
naive lymphocytes and autoreactive T cells implicated in the induction of experimental autoim-
mune disorders. We show that the framework automatically extrapolates system parameteriza-
tions that reproduce the in vitro experimental results and that allow us to simulate the model
under different conditions. Finally, in order to evaluate the scalability of the approach, we applied
the framework to translate and simulate real and synthetic metabolic networks of different sizes
and characteristics.

2 BACKGROUND ON STOCHASTIC PETRI NETS

SPN is a class of Petri nets in which at every transition k of the network state is associated
a delay 7, which is determined by a random variable. Formally, an SPN is a five-tuple SPN =
{P,T,F, My, A}, where P is the set of the places, T is the set of transitions, F € (P X T) U (T X P) is
the set of relations between places and transitions, M, is the initial configuration of the net (mark-
ing), and A is the set of exponentially distributed firing rates A; associated with the transitions.
The firing rates are defined through propensity functions (hazard) a; that have the pre-places of
the transition k as domain, and it gives the probability that a reaction will occur in the next infin-
itesimal time interval.

To compare different behaviors of the network, colored Petri nets could be adopted to model
different metabolites. However, in this work we chose to adopt standard PNs as, for the model
dynamics we have to observe and simulate, all metabolites are at the same level and have the
same importance when involved in a reaction. In our simulations, we are mainly interested in
the amount of tokens of each place (i.e., the concentration of each metabolite) and how fast they
are consumed or produced. In this perspective, a distinction between tokens would not help us to
extrapolate such a speed rate.

To simulate biochemical systems, specific types of propensity functions are used, such as mass-
action propensity functions and Michaelis-Menten propensity functions. A well-established method
to perform a simulation of an SPN is the Gillespie algorithm, called Stochastic Simulation Al-
gorithm (SSA). This method is a Monte Carlo procedure that calculates a possible trajectory
of the system simulating one chemical reaction at each step, and that chooses the firing time 7.

ACM Transactions on Embedded Computing Systems, Vol. 20, No. 4, Article 31. Publication date: May 2021.



SystemC Implementation of Stochastic Petri Nets for Simulation and Parameterization 31:5

Gillespie proposed two equivalent variants of his algorithm: the Direct Method (DM) [25] and
the First Reaction Method (FRM) [24]. Several algorithms have been proposed to improve the
efficiency of these algorithms [10, 38, 47]. In general, DM is more efficient in terms of computa-
tional time and space, while FRM is well suited for a concurrent and parallel implementation [19].
Our methodology is based on the FRM variant.

3 METHODOLOGY

Figure 1 shows an overview of the simulation and parameterization framework. It relies on three
main phases:

(1) Modeling of PNs through EFSMs as explained in Section 3.1

(2) Synthesis of EFSMs into SystemC with the support of a kernel for stochastic simulation,
as explained in Section 3.2

(3) Automatic parameterization of the network through a genetic-based input generation
guided by dynamic assertion-based verification, as explained in Section 3.3

3.1 Modeling PN through EFSM

The proposed methodology considers a PN model of the system under analysis as a starting point.
Figure 2 shows an overview of the different possible reactions in metabolic networks [27], which
represent the basic blocks of the PN models. The figure reports the PN models and the correspond-
ing representations in Systems Biology Graphical Notation (SBGN-PD), which is the standard
representation in the Systems Biology community.

For the sake of clarity, we refer in the following to the simplest and most standard reaction
between metabolites of biological networks, whose PN representation is shown on top of Figure 2.
The description of such a reaction is represented in Figure 4. The other reactions (i.e., irreversible,
inhibition of irreversible, inhibition of reversible, etc.) are similarly translated.

To perform the event-driven simulation of the PN, we first translate the model of each PN place
and each PN transition into the equivalent EFSM model [13]. This allows us to modularly syn-
thesize the components of the PN network into executable and concurrent SystemC processes. An
additional SystemC module implements communication and synchronization among processes (as
explained in Section 3.2).

Figure 3 shows such an EFSM modeling. We assume one process per reaction R; and one process
per metabolite, being reactant (M;) or reaction product (M;). We represent each process through
a two-state EFSM. All the EFSMs are concurrent and synchronized as follows. Each reaction pro-
cess R; starts in a Ready state, and it moves to the In_reaction state as soon as it receives the
Available signal from all the pre-place machines, i.e., the EFSMs of all the upstream reactants
involved and necessary for the reaction R; (M; in Figure 3). The reaction process holds in the
In_reaction state until the reaction delay has expired. The delay value of each reaction (zg) is
set according to the propensity function adopted to represent the system (see Section 3.2). After
such an event, the process sends a Done signal to all the metabolites involved in the reaction, both
reactants and reaction products, and the machine moves back to the Ready state. On the other
hand, if the delay has not expired and at least one of the reactants is not available anymore (i.e.,
the concentration of the metabolite has dropped down under a certain threshold), then nothing
happens as the reaction is no longer feasible and the process shifts back to the Ready state.

The Not_available state of a metabolite represents the condition by which the metabolite
cannot be involved in any reaction, either because of the low concentration (below a user-defined
threshold) or because the metabolite is already involved in a reaction process. When a process
representing a reaction product M; is in such a state, it can receive a Done signal from any reaction
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process in which it is involved (R; in Figure 3). In this case, the concentration of M; is incremented
by a user-defined constant my. If the new concentration goes over a given threshold, then the
machine moves to the Available state. In the Available state, the metabolite concentration can
be further increased by any other upstream reaction through a Done signal.

On the other hand, if the Done signal comes from a downstream reaction (R; in Figure 3), then
the metabolite is seen as a reactant and its concentration decreases. If the concentration decreases
under a given threshold, the model moves back to the Not_available state.

Representing each place (metabolite) and each transition (reaction) through single concurrent
EFSMs allows us to modularly implement the reaction and the metabolite behaviors. A metabolite
process is aware of what is happening in a reaction process only when the reaction delay of the
latter has successfully expired. Another advantage of this separation is the automatic translation
of the model from the SBML format to SystemC. This way of representing the PN components
through EFSMs and corresponding processes reflects the structure of the SBML architecture, en-
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Fig. 3. The EFSM representation of the reaction processes R; and the metabolite process M;.

suring an easier and compatible translation, with the possibility of including in the SystemC model
all the additional information and annotations present in the original SBML file. However, in this
first release of the framework, all the additional biological information and annotations present in
the original SBML file (e.g., names, descriptions, links to pathway explanation) have not been con-
sidered since they are useless for generating the internal SystemC representation. In any case, they
can be modularly supported if necessary as an extension of the proposed framework front-end.

3.2 EFSM-SystemC Synthesis with Stochastic Simulation Support

In general, SystemC allows designers to implement systems at different levels of abstraction and
with different levels of detail. It provides modeling features such as structural hierarchy and con-
nectivity, communication abstraction, dynamic processes, and timed event notifications. The key
SystemC language features used in the framework for modeling and simulating metabolic net-
works are the following (see Figure 4):
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Modules. Metabolites (M) and reactions (R) of the network are modeled as SystemC modules,
and all the network components are hierarchically organized into a module representing the
whole metabolic network. Being the basic building blocks of a SystemC design hierarchy,
they are used for hierarchical organization of networks and sub-networks.

Ports and signals. They implement communication and synchronization between modules
(e.g., Available and Done in Figure 4).

Processes. Each metabolite and each reaction behavior has been modeled through a SystemC
process, which reacts at each simulated instant of time or at each specific event to update
the network state. They are synchronized to update the metabolite concentrations by con-
sidering both upstream and downstream reactions. The processes update the metabolite and
reaction state variables, which hold dynamic information like state, concentration, reaction
rate, reaction starting time, etc.

Events. They allow for synchronization between processes. Events are the key objects in Sys-
temC models to provide event-driven simulation. Each firing of EFSM transition of Figure 4
or each time instant of Figure 6, as explained in the following section, is an example of
an event. In this work, we only considered implicit events as changes of signal values and
timed events.

Figure 4 shows the proposed hierarchical template, which distinguishes different sets of in-
put/output data for both metabolites and reactions that can affect the model behavior:

e Topological inputs and outputs (Topological I/O): They are inputs and outputs whose value

is calculated at simulation time and depends on the topological interaction of the modeled
metabolite with reactants and the reaction products.

Known parameters (KPi): They are inputs whose value depends on the environment char-
acteristics and status and are known at modeling time. They are generally extrapolated
through in vitro or in vivo experimental analysis or from available databases of the liter-
ature. Examples are the initial concentration of metabolites, reactant coefficients, or the
range of temporal delay of reactions.

Unknown parameters (UPj): They are inputs whose value depends on the environment char-
acteristics and status and which are unknown at modeling time. Examples are the parame-
ters affecting the reaction rate (e.g. mass-action rate constants) or any other information not
available in the literature and necessary for the dynamic simulation of the system. For each
parameter, the platform generates different values with the aim of observing, via simulation,
how such values affect the system dynamics (see Section 3.3).
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In a stochastic simulation of metabolic networks, each reaction R; between a metabolite (M;)
and the reactant (M;) fires:

(1) if the reactant (M;) is available as it satisfies a concentration constraint (m; > m?), where
m; is the reactant concentration (i.e., number of tokens of the PN place) and m(l.) is areaction
coefficient (i.e., a constant), and

(2) after a specific time delay g, which is defined as follows:

~ 1 (1
= lam) )

where randy € (randy,...,rand,) is a random number from the uniform distribution U (0, 1).
ag(m;) = c¢;m; is the mass-action propensity function, where c; is the reaction rate and m; is the
number of tokens of the reactant M;. We consider a lower-bound value of each reaction delay (i.e.,
1), which is associated to the minimum delay in the discrete simulation.

According to the FRM model (see Section 2), the stochastic simulation of the system evolves
along discrete steps, where each next time step corresponds to the expiration time of the immedi-
ately next reaction. In particular, considering ¢; as the current simulation time of the system:

+1,

tiz1 =t + Tg,, s.t. g, = min(zg,, .., TR, ),

At each simulation step, a stochastic simulation kernel updates all the reaction delays by consid-
ering the elapsed time and a random component. Figure 5 shows a summarizing overview of such a
stochastic simulation paradigm. It is important to note that the updating phase at each simulation
step of all the reaction delays g, Vi, which include a random component (randy), is the necessary
condition to perform the stochastic simulation of the PN model. The simulation ends after a given
number (N) of simulation steps.

The stochastic kernel layer was implemented on top of the SystemC native kernel in order to
make stochastic simulation possible without altering the SystemC simulation kernel. This is im-
portant since, in our current and future work, we also apply deterministic simulation of biological
networks, which is an important alternative to the stochastic paradigm for many different analyses.

3.3 Parameter Estimation through Dynamic Assertion-Based Verification (ABV)

Functional verification based on assertions represents one of the main applied and investigated
techniques that combines simulation-based (i.e., dynamic) and formal (i.e., static) verification [7,
16, 45]. Assertions are formal descriptions that allow system designers to detect functional errors in
the model and in the model evolution over time. They are also combined with techniques of auto-
matic input pattern generation [8] that extrapolate system configurations to prove the satisfiability
or unsatisfiability of the system properties. The proposed methodology applies simulation-based
ABYV, by which assertions are defined in a formal language (i.e., PSL [32]); they are automatically
synthesized into checkers' and plugged into the SystemC model representing the network [6]. In
our context, checkers aim at monitoring the concentration of the metabolites and giving a score
(i.e., fitness) to an input generation module, which implements a genetic algorithm to generate
good configurations of the kinetic parameters.

The module generates a configuration of parameters and runs a dynamic simulation of the net-
work for such a set of input values for a given simulation time. Then, the module generates a new
different configuration for a new simulation. A new run is needed for each new possible configu-
ration of parameters since we always have to start from the same initial conditions of the model,

I The framework relies on the IBM FoCs synthesizer [51] for the automatic synthesis of assertions.
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which are declared as part of the case study. A proper fitness function evaluates the goodness of
each potential solution estimated through simulation. The run ends when the module finds the
parameter configuration that allows the system properties to be satisfied. The definition of the fit-
ness function depends on the property to be checked and it is formulated as the distance between
state vectors representing the simulation trend s;(t) in comparison to a defined reference trend r;(t)
(i.e., the target behavior of the system).

The ABV checks the simulation trend s;(¢) and, eventually, it stops the simulation to provide a
score compared to r;(t). Given the state vectors S = [s1,$2,...,8,] and R = [ry,12,...,1,] repre-
senting, respectively, the simulation and the reference trend, the score is defined as follows:

score.(t) = d(S,R),

where d is a distance function (e.g., Euclidean distance) between the state vectors. The formulation
of state vectors is general and allows us to model biological behaviors such as the stability in
concentration and the change of concentrations between time points.

Figure 6 shows some examples of the state dynamics of a metabolite to be observed and for
which assertions can be defined. In particular, the first assertion checks the concentration stability
of a given metabolite over time by considering a user-defined tolerance (+o). The second, more
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ity (a) and the oscillation of a metabolite concentration (b). 0 and & are user-defined tolerance constants.
mrGT, MpmAx, and myrn are user-defined concentration values of the observed metabolite. ta and ti are
temporal counters initialized at the first oscillation, and that hold the time elapsed from the first state transi-
tion (mprrN — marax and myrax — mprN, respectively). They are used to measure the positive edge and
negative edge values. t is the counter, which is set, from the second oscillation on, at each state transition,
and it is used to measure the oscillation period.

complex assertion checks the periodic oscillations of the metabolite concentration by considering
user-defined tolerances (+o, +8). For both the examples, if the value of the state variable m;, during
simulation, remains in the green zone, the assertion is satisfied. Otherwise, the assertion fails and
the system raises an error signal. We defined assertion templates, which have to be filled out by
the user by indicating the metabolite to be monitored and the constants (target concentrations and
tolerances).

In the release of our SW (github.com/InfOmics/NAPS), we propose a set of general (yet config-
urable) assertions. In any case, user-defined assertions can be added ex novo.

The proposed framework applies ABV for the parameter estimation phase, which aims at iden-
tifying the parameter settings that lead the network to satisfy the properties formalized by the
assertions. This verification is delegated to the ABV, which is responsible for property checking
during simulation. For each simulation of the model, the input stimuli generator receives a score
(see Figure 1) from ABV and it applies this value to perform an evolutionary step of the genetic
algorithm used to generate new configurations.

It is important to note that the model could be synthesized to an FPGA for faster simulation
(also in different configurations). On the other hand, the application of PSL/ABV is mandatory for
the automatic extrapolation of parameters, which requires an iterative automatic generation of
parameters and the corresponding verification based on assertions. Such an automatic step has to
be transparent to the final user (the biologist) who, for the tool applicability, has not to learn EDA
languages or notions.
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Fig. 7. Example of PN model: the purine pathway case study. The arrow of each arc appears only at the end
of each reaction, where each reaction starts from a metabolite, is represented by a square on the arc, and

ends into a target metabolite.

4 RESULTS AND DISCUSSION
We applied the proposed framework to understand how the dynamics of the purine pathway
changes between normal and autoreactive conditions. We started from the PN model of such a
metabolic network described in SBML, which is depicted in Figure 7.

We simulated the system under two different conditions: naive and PLP, which represent the
standard condition and the proliferating of lymphocytes, correspondingly. The two conditions
differ from the metabolite concentration and production of urate, dGMP, and dAMP (see Figures 8

and 10).
We considered metabolomics data obtained in vitro as initial metabolite concentrations for both

conditions. Figure 9 shows such values.

The simulation and parameterization goal was to extrapolate the mass-action parameters of all
network reactions that lead the system to a steady state of each metabolite except dAMP, dGMP,
and urate for each condition. In metabolic pathways, the concept of steady state refers to the
stability of the concentration levels of metabolites, and it is crucial to keep homeostasis inside the
cell. Despite the lack of experimental data in the transformation rate from PRPP to IMP, we could
easily set the system with two different flow speeds, slow and fast.

We simulated our model by generating reaction delays in the range [1 — 1,000] of all network
reactions. We targeted the steady state of each metabolite except dAMP, dGMP, and urate, which
are the natural incremental product of the network. We assumed that the pathway is considered
at steady state if the concentration of each element does not differ by more than +30% from the
initial concentration and it is maintained stable throughout a simulation time of 10° simulation
cycles (see Figure 10). We formally specified this property through PSL assertions.

The choice of considering a +/— 30% range is an assumption that has been suggested by the
research group that defined the network. It is a variable that can be changed and adapted to the
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Fig. 8. Metabolite stability.

type of network considered. A system biologist should have an idea of how the metabolic pathway
under study might behave over time and therefore make an estimate of such assertions for each
metabolite. In sensitive networks, the more accurate the evaluations (i.e., the lower the values of
range), the greater the effort for automatic extrapolation of parameters.

In our model, the inhibition mechanisms are represented through the inhibition arcs, which is
an extension of the classical PN to represent the inhibition of a molecule when its concentration
exceeds a certain threshold. We assumed that a metabolite can inhibit a reaction when it grows by
35% from its initial concentration.

The genetic algorithm used by the automatic input generator has been configured with a pop-
ulation size of 250 individuals, a mutation probability of 0.05, and a crossover probability of 0.1.

We defined the reference trend of the system as follows:

ri(t) =m;, VYt >0,i=1,2,...,n,
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init (mM) | init (mM)
IMP 21,126 0,7991
AMP 11,0389 0,8174
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Guanosine 6,3851 0,9239
Guanine 27,0459 1,0649
Deoxyguanosine 0,5342 1,5833
dGMmP unkown unkown
Deoxyinosine 0,2321 1,6381
Xanthine 0,6195 1,2584
Urate 0,519 1,1419
Adenylosuccinate 6,951 unkown
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Fig. 10. Example of parameterization of the purine pathway in PLP-specific condition that leads the metabo-

lites to stability within a simulation time of 10° clock cycles.

where m; is the starting concentration of a metabolite and ¢ is the simulation time. The state vector

of the simulation trend is defined as S = [cy, ¢a, . .

., cn], where ¢; are the set of angular coefficients

of the linear functions s;(t), linking the starting and the ending concentrations of the metabolites.
The state vector of the reference trend was defined as R = [0,0,...,0]. The fitness function was
defined as the inverse of the Euclidean distance between the simulation and the reference trends.
The selection method used to pick an individual from the population is rank based, meaning that

the reproduction is always done by taking individuals with better fitness.
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Fig. 11. Results of the analysis of 10 parameterizations of the purine pathway in condition of stability for
naive and PLP-specific cells. (a) Average difference of the delays obtained parameterizing the pathway in
naive and PLP-specific condition. (b) Difference in the final concentration of the metabolites dAMP, dGMP,
and urate.

We obtained 10 parameter configurations of the purine pathway for each condition. Figure 8
shows the plot of the metabolite concentrations obtained with one of such configurations for each
slow and fast flow speed, in both standard and proliferation conditions. For each parameter con-
figuration, the network simulation required around 7 seconds to simulate 1 million time instants
(simulation time in Figure 8). The complete parameterization phase required from 1 to 12 minutes
for each network version. All the simulations were run on a machine equipped with an Intel(R)
Xeon(R) CPU E5-2650 v4 clocked at 2,200 MHz and 16 GBs RAM, and the Ubuntu 16.04 operating
system.

In general, the parameterization and simulation led to interesting differences in the regulation
of the purine pathway, suggesting that most chemical reactions are highly favored in PLP-specific
cells versus naive lymphocytes as shown in Figure 11(a) and in Figure 12, where gradients of colors
are associated to reaction speeds from fast (antique rose) to slow (blue).

All metabolic reactions, with the exception of the reactions from Guanine to Xanthine
(Guani:Xa) and from Adenosine to Inosine (Adeno:Ino), are sped up in the PLP-specific condi-
tion, having a lower average delay time generated by our framework (see Figure 11(a)). Further,
the reaction from Deoxyadenosine to Deoxyinosine (DeoxA:DeoxI) had comparable delay times
between the naive and PLP-specific condition. Overall, the observed speed-up in the PLP-specific
condition resulted in a greater production of the fundamental elements of the pathway dAMP,
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Fig. 12. Pathway activity based on PRPP—IMP flux: slow naive (a), fast naive (b), slow PLP-specific (c), and
fast PLP-specific (d).

Table 1. Network Information and Simulation Results

Metabolic Metabolites | Reactions | Met-Reaction | Stochastic Sim. | Sim. Time

Network (%) (#) Interactions (#) | Steps (Avg #) | (Avg Sec.)
Purine network 19 21 42 1,752 0.067
Biomd619 10 13 26 1,996 0.044
Synthetic50 50 46 117 2,998 0.165
Biomd328 18 29 58 2,975 0.084

dGMP, and urate (Figure 11(b)). Notably, the increased urate, dGMP, and dAMP production in the
PLP-specific network reflects our metabolomics data and a well-known metabolic feature of prolif-
erating lymphocytes [20], validating the potentiality of the proposed framework in extrapolating
parameters and simulating metabolic processes modeled through PN.

4.1 Analysis of Scalability

We finally tested the scalability of the framework in generating SystemC code for more complex PN
models. We measured and compared the average time required to simulate networks of different
characteristics.

Table 1 summarizes the evaluated benchmarks, which consist of two additional real metabolic
networks, the acetaminophen (Paracetamol) pharmacokinetics in humans (Biomd619) and the
atorvastatin metabolism in hepatic cells (Biomd328) [46], and a larger synthetic network to stress
the system with a higher number of metabolites and reactions. The table reports the network
characteristics in terms of metabolite and reaction numbers and information on their simulation
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Fig. 13. Comparing simulation trends of the Biomd619 network with the SystemC model generated by the
proposed framework (top) and those obtained with Snoopy [28] (bottom).

(stochastic simulation steps and simulation time). The average number of stochastic simulation
steps is the number of steps during simulation that are necessary to lead the model into a dead
state, meaning that all the initial tokens of the network are consumed by the reactions. One step
corresponds to one fired reaction. The results show that the simulation time depends on two fac-
tors: the network complexity and the reaction rates. The first is strictly related to the number of
reactions, while the second is related to the reaction delay and probability. The higher the prob-
ability of reactions to fire (i.e., the smaller the reaction delay), the larger the number of reactions
to fire along the whole system simulation. In any case, in general, the total simulation time grows
almost linearly with both network complexity and reaction rates.

We finally compared the simulation trends of all the analyzed networks with the SystemC mod-
els generated by the proposed framework (top) and those obtained with Snoopy [28] (bottom),
which is a well-known and widespread software application used to visualize and simulate sto-
chastic and deterministic PN models. We run 10 simulations for both softwares. Figure 13 shows, as
an example, the results obtained with the Biomd19 network. The plots depict the minimum, maxi-
mum, and average values for each time instant. The results underline that, although the stochastic
engine is behind the two softwares, the general trends in all the analyzed networks are matchable.
It was not possible to accurately compare the two softwares in terms of simulation performance,
as Snoopy requires a manual parameter setting and restart for each simulation phase. In any case,
while the difference of simulation time for each network configuration appears negligible, Snoopy
does not allow for automatic parameterization of the network, which is the main goal and contri-
bution of this work.
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5 CONCLUSION

This work presented a framework based on languages, techniques, and tools well established in the
field of EDA for the simulation and parameterization of metabolic networks. Since these biological
networks are generally represented by Stochastic Petri Nets, we proposed a method to modularly
translate Petri Net models into SystemC code and a kernel for the stochastic simulation of such
a model. We then applied assertion-based verification combined to an automatic parameter gen-
erator based on a genetic engine to extrapolate the configuration patterns that lead the system to
satisfy user-defined properties. We applied the framework to study the purine metabolism path-
way starting from metabolomics data obtained from naive lymphocytes and autoreactive T cells
implicated in the induction of experimental autoimmune disorders. Thanks to the automatic pa-
rameterization of the model, we were able to reproduce the experimental results obtained in vitro
and to simulate the system under different conditions. This was not possible by using the tools at
the state of the art, which require the manual insertion of the reaction parameters to simulate the
network evolution. From a biological point of view, the obtained simulation results suggest that
the entire purine pathway is sped up in PLP-specific cells versus naive lymphocytes, according to
our experimental data and literature. Finally, we applied the framework to translate and simulate
real and synthetic metabolic networks of different sizes and characteristics to evaluate the frame-
work scalability and to compare the results of the stochastic simulation from a qualitative point
of view with the reference tool at the state of the art.
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