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Abstract. Mathematical modeling and computational analyses are essential tools
to understand and gain novel insights on the functioning of complex biochemical
systems. In the specific case of metabolic reaction networks, which are regulated by many other intracellular processes, various challenging problems hinder
the definition of compact and fully calibrated mathematical models, as well as
the execution of computationally efficient analyses of their emergent dynamics.
These problems especially occur when the model explicitly takes into account
the presence and the effect of different isoforms of metabolic enzymes. Since the
kinetic characterization of the different isoforms is most of the times unavailable,
Parameter Estimation (PE) procedures are typically required to properly calibrate
the model. To address these issues, in this work we combine the descriptive power
of Stochastic Symmetric Nets, a parametric and compact extension of the Petri
Net formalism, with FST-PSO, an efficient and settings-free meta-heuristics for
global optimization that is suitable for the PE problem. To prove the effectiveness of our modeling and calibration approach, we investigate here a large-scale
kinetic model of human intracellular metabolism. To efficiently execute the large
number of simulations required by PE, we exploit LASSIE, a deterministic simulator that offloads the calculations onto the cores of Graphics Processing Units,
?
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thus allowing a drastic reduction of the running time. Our results attest that estimating isoform-specific kinetic parameters allows to predict how the knock-down
of specific enzyme isoforms affects the dynamic behavior of the metabolic network. Moreover, we show that, thanks to LASSIE, we achieved a speed-up of
∼ 30× with respect to the same analysis carried out on Central Processing Units.
Keywords: Metabolic Reaction Networks · GPU-powered simulations · Parameter Estimation.

1

Introduction

Metabolic networks are inherently complex systems characterized by thousands of reactions and metabolites, regulated by a number of other intra- and extracellular processes [4, 26]. Kinetic models of metabolism exploit mechanistic biological information to provide a detailed description of the reaction network, as well as to simulate
or predict its dynamic behavior in different conditions. To this aim, both the structure
of the network (i.e., how metabolites interact with enzymes, operating either as reactants, products, inhibitors or activators in each reaction) and the kinetic parameters need
to be properly defined. Unfortunately, due to the high costs and complexity of experimental procedures, these data are scarce or incomplete, and the resulting model is usually undetermined [8]. In addition, the modeling task is further complicated by the fact
that the flux of metabolites through the network strongly depends on many interrelated
processes like transcription, translation, post-translational modifications, and allosteric
control [26]. As a matter of fact, many sources of indetermination can affect models of
metabolic systems, such as uncharacterized enzyme isoform mixtures [37].
Enzyme isoforms, also called isozymes, are structurally similar but non-identical
protein complexes that are able to catalyze the same biochemical reaction. Every cell
type presents specific mixtures of isoforms of its metabolic enzymes and, in order to
quantify their abundance, experimental techniques (e.g., proteomics analyses) can be
used [42]. The structural differences of these proteins result in different kinetic behaviors of the catalytic process [33, 45]. However, the main databases that collect information about enzyme kinetics and the associated parameters, such as SABIO-RK [44] and
BRENDA [36], generally lack details about the differences among isozymes.
The knowledge so far available in the literature thus prevents modelers from formulating a precise mathematical representation of the kinetic differences of isozymes. As
a result, the vast majority of published metabolic models do not explicitly take these kinetic differences into account [37]. Instead, the average behavior of the whole isoform
mixture is reproduced by using a single set of kinetic parameters, either taken from the
literature or inferred through global optimization methods [29]. The main drawback of
this assumption emerges, in particular, when the two following conditions superimpose:
(i) the isozymes of the modeled metabolic system display significant kinetic variations;
(ii) in the modeled experimental condition the abundance of isozymes differs from the
condition in which the kinetic parameters of the whole mixtures were originally estimated. These issues should be carefully taken into consideration since the expression
levels of metabolic enzymes change due to genetic knock-downs, therapeutic interventions, as well as various environmental stimuli [26]; therefore, the investigations of
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Fig. 1. SSN model of human intracellular core metabolic pathways (hexokinase (green), glycolysis (pink), and pentose phosphate pathway (yellow)) in a red blood cell. GLC: glucose; G6P:
glucose-6-phosphate; LAC: lactate.

metabolic systems in perturbed conditions would highly benefit from the explicit representation of enzyme isoforms.
In this work we present a computational approach that integrates the descriptive
power of a parametric and compact extension of Petri Nets, called Stochastic Symmetric Nets (SSNs) [11], with Fuzzy Self-Tuning Particle Swarm Optimization (FST-PSO)
[28], an efficient and settings-free meta-heuristics suitable for solving global optimization problems. As a case study, we apply our approach to investigate a large-scale kinetic model of the central energy-producing pathways in human cells, in which different enzyme isoforms are defined. We provide a compact and clear description of this
biological system by means of a SSN (see Fig. 1)—which is then used to derive the corresponding systems of Ordinary Differential Equations (ODEs)—and we use FST-PSO
to calibrate the model, i.e., to address the Parameter Estimation (PE) problem.
PE is a global optimization problem consisting in the inference of all unknown parameters of a given model. More precisely, given a set of experimental measurements of
some chemical species occurring in the system under investigation, the aim of PE is the
identification of a vector of parameters that allows for generating a simulated dynamics
that minimizes the distance with respect to the available experimental data. Since biochemical systems are characterized by complex, non-linear and multi-modal behaviors,
traditional optimization methods (e.g., Gradient Descent [15]) cannot be employed. On
the contrary, stochastic population-based meta-heuristics were shown to be effective
for the PE problem [29, 14]; in particular, here we exploit FST-PSO [28], a settings-free
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variant of PSO that leverages fuzzy logic to determine the most effective settings for
the movement of the particles inside the search space.
Population-based optimization algorithms, like FST-PSO, are iterative processes requiring the execution of a large number of fitness evaluations. In the case of PE, every
fitness evaluation is generally based on a simulation of the system dynamics with a
given model parameterization. This task can be computationally challenging for largescale models; however, the simulation of mathematical models can be efficiently parallelized by using High-Performance Computing infrastructures [31]. Here, we take
advantage of LASSIE [39], a deterministic simulator capable of offloading onto the
Graphics Processing Unit (GPU) all the calculations necessary to numerically integrate
a system of ODEs. As such, LASSIE can drastically reduce the running time to execute
high numbers of simulations.
This work is structured as follows. In Section 2 we introduce the SSN formalism,
the FST-PSO algorithm to tackle the PE problem, the main characteristics of LASSIE,
and the intracellular metabolic model employed as a case study to show the applicability
and effectiveness of our approach. In Section 3 we show the outcome of the PE analysis,
and a comparison of the computational performance of LASSIE with respect to LSODA
[34], a state-of-the-art ODE solver running on CPU. Finally, in Section 4 we provide
some final remarks and directions for future works.

2

Materials and Methods

In this section we introduce the SSN formalism, suitable for the description of largescale kinetic models; we present the parameter estimation problem and the GPU-powered
strategy leveraged to reduce the computational effort of the whole methodology. Finally,
we describe the intracellular human metabolic network, used as case study to assess the
effectiveness of our approach.
2.1

The SSN formalism

Petri Nets (PNs) and their extensions are a family of formalism that are well suited for
modeling in a natural way interactions among system components (i.e., synchronization, sequentiality, concurrency, and conflict) [27]. In the literature, PNs were successfully exploited to study a wide range of applications, ranging from chemical processes
to man-made systems (e.g., communication networks, computational distributed systems, manufacturing systems). In particular, the first application of PNs to modeling
biological pathways was published by Reddy et al. in [35]; afterward, many other research works highlighted the advantages of using PNs to model biological systems [20,
12, 19, 41].
In this work we focus on SSNs [3, 11], a PN formalism that provides a more compact and parametric description of the system, improving the performance of ordinary
PNs. A brief introduction of SSNs is provided hereafter using the net in Fig. 2 (bottom
left), which describes the processes of phosphorylation and dephosphorylation of the
metabolic enzyme hexokinase (HK).
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Fig. 2. Hexokinase (HK) submodel. On the left, an expanded portion of the submodel, used to
present an example of the nomenclature and visualization of SSN components. At the bottom of
the figure the formal definitions of a color class and a color variable are shown. For the model
presented in this work one color class, called Isof , further partitioned into three static subclasses
I1, I2 and I3, was defined. For the color class Isof one color variable, HK, was specified. The
arcs of the transitions that involve places containing colored tokens of class Isof are labeled with
functions hHKi that describe the specific color variable, HK, associated to those places. GLC:
glucose; G6P: glucose-6-phosphate.

Formally, an SSN is a bipartite directed graph with two types of nodes: places and
transitions. The places, graphically represented as circles, coincide with the state variables of the system. For instance, the SSN model in Fig. 2 (bottom left) has three places:
hkE, hkEPhosi, and Phosi. The first two places correspond to two different molecular
configurations of the HK enzyme, either bound to an inorganic phosphate molecule or
unbound. The last one represents the inorganic phosphate molecules.
Places can contain tokens, so that the state of an SSN, called marking, is defined
by the number of tokens in each place. For instance, the marking hkEP hosi(4) +
P hosi(12) + hkE(2) of the SSN in Fig. 2 (bottom left) represents the system state in
which there are four molecules of the bound enzyme HK, twelve molecules of inorganic
phosphate and two molecules of the unbound enzyme.
Specifically, SSNs allow us to color tokens within places so that it is possible to
associate information with them; thus, color domains are associated with places. These
are either expressed as the Cartesian product of color classes or by the neutral element
ε, which is used to represent neutral black tokens as in ordinary PNs. Color classes can
be partitioned into static subclasses, so that colors in a class encode entities of the same
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nature (i.e., the same enzyme), but only colors within the same static subclass behave
similarly (i.e., the same isoform).
In our example, a single color class (i.e., Isof ) is introduced to distinguish between
the isoforms of HK enzyme. Indeed, Isof is partitioned into three static subclasses I1,
I2 and I3,whose related colors (c1, c2 and c3) represent the specific isoforms of HK. It
is important to stress that while the color domain of places hkE and hkEPhosi is Isof, the
domain of place Phosi is ε. According to this, a possible marking of the system, in which
the integer coefficients express the number of molecules of the related compounds, is
the following: hkEP hosi(4 · hI1i + 2 · hI3i) + P hosi(12) + hkE(2 · hI2i). This
expression represents the system state in which there are four molecules of the isoform
I1 and two molecules of isoform I3 of the bound enzyme hkEPhosi, twelve molecules
of inorganic phosphate Phosi, and two molecules of isoform I2 of the unbound enzyme
hkE.
Differently from places, transitions are nodes that are graphically represented as
boxes, and correspond to the events of the system. For instance, the transition HK12 f
models the phosphorylation of a HK molecule, while the transition HK12 r models its
reverse reaction.
Places and transitions are connected by arcs, labelled by arc functions, which specify both the conditions that enable a transition to occur, expressed as requirements that
the marking of the system has to satisfy, and how the marking then changes as a consequence of the transition firing.
The stochastic behavior of an SSN model is characterized by the assumption that
the firing of any enabled transition occurs after a random delay sampled from a negative
exponential distribution. A function ω is associated with each transition and defines its
firing rate according to the set of colored tokens involved in the transition firing. For
instance, the firing rate value of transition HK12 f in the human intracellular metabolic
model can be defined as follows: (i) 2.0, if the isoform I1 of hkEP hosi is involved in
the reaction; (ii) 3.0, if the reaction involves the isoform I2 of hkEP hosi; (iii) 0.5, for
any other involved isoform of hkEP hosi.
Thus, these stochastic firing delays, sampled from a negative exponential distribution, allow us to automatically derive the associated stochastic process, i.e., a Continuous Time Markov Chain (CTMC), which describes the dynamics of the SSN model. In
detail, the CTMC states are identified with SSN markings, and the state changes of the
CTMC correspond to the marking changes of the SSN model.
In the literature, different techniques are proposed to solve the underlying CTMC,
e.g., Gillespie’s Stochastic Simulation Algorithm [40]. Unfortunately, the calculation of
a trajectory of the system using exact or approximate stochastic approaches can be computationally challenging, especially in the case of very complex models. Under these
circumstances, a deterministic approach [24] can be efficiently leveraged. In particular,
given an SSN model, we can derive a deterministic process [3], described through a
system of ODEs, which well approximates its behavior.
2.2

GPU-powered Parameter Estimation

The dynamics of mathematical models of biological systems can be accurately simulated only when a precise parameterization is available, e.g., when the rates of the
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reactions driving the emergent behavior of the system are known. Unfortunately, these
kinetic parameters are difficult or even impossible to measure by means of in vivo experiments, and the lack of these values limits the execution of computational investigations. This leads to the PE issue, which is a non-linear, non-convex and multi-modal
optimization problem that can be effectively tackled by means of Computational Intelligence methods.
According to [14], one of the most effective techniques for PE is PSO [23], a
population-based meta-heuristic belonging to the class of Swarm Intelligence methods,
designed to deal with real-valued optimization problems. In PSO, a swarm of randomly
generated candidate solutions (called particles) moves inside a D-dimensional bounded
search space, cooperating to identify the optimal solution to the given problem. During
each iteration, the position of each particle changes following two attractors, that is, the
best position found by the swarm so far, and the best position found by the particle so
far. The social csoc ∈ R+ and the cognitive ccog ∈ R+ parameters are used to balance the aforementioned attractors, respectively. Moreover, an inertia factor w ∈ R+
is exploited to weigh the velocity of the particles, thus avoiding chaotic behaviors in
the swarm. The velocity of a particle on the d-the component of the search space, with
d = 1, . . . , D, can also be limited below a maximum value vmaxd ∈ R+ , or above a
minimum velocity vmind ∈ R+ to prevent the loss of diversity in the swarm [25].
The functioning settings of PSO strongly affect its optimization performance. Thus,
they should be, in principle, carefully crafted according to the fitness landscape of the
problem under investigation. To work around the settings determination task, in this
work we employ FST-PSO [28], a settings-free version of PSO where each particle
automatically adjusts its own settings by means of fuzzy rules during the optimization.
In particular, we employ the specific variant of FST-PSO presented in [29], as it was
shown to be one of the most effective meta-heuristics for the PE problem.
The most time consuming task of PE is the fitness calculation that, in this work,
consists in simulating the dynamics of the metabolic model by using the kinetic parameters encoded by every particle in the swarm, and comparing the outcome with a target
dynamics [32, 30] (specifically, the amounts of GLC and LAC). To accelerate the calculation of the fitness functions we rely on an improved version of the GPU-powered deterministic simulator LASSIE [39], designed to simulate large-scale biochemical models. Such version of LASSIE introduces the possibility of running in parallel multiple
simulations of large-scale models, achieving both thread- and block-level parallelism
on the GPU, allowing to (i) perform many simulations of the same system of ODEs
(characterized by different parameterizations) in a parallel fashion, and (ii) accelerate
the numerical integration of each instance of the system of ODEs by distributing the
required calculations on the available GPU cores. LASSIE takes as input a model formalized through SSNs and translated into the equivalent formalism of reaction-based
models [5], and generates the corresponding system of ODEs under the assumption of
mass action kinetics [10]. A particular advantage of LASSIE is that it is able to automatically recognize and simulate biochemical systems characterized by stiffness: a
system of biochemical reactions is considered stiff when there are two well-separated
dynamical modes, determined by fast and slow reactions [17].
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Human intracellular metabolic network

In this work we consider the model of the red blood cell metabolism presented in [22],
which consists in a fully parameterized set of reactions following the mass action rate
law [10]. The model contains 92 metabolites and 94 reactions describing the central
pathways involved in carbohydrate metabolism—namely, glycolysis and the pentose
phosphate pathway—in a human red blood cell. For our analyses, we neglected the
tissue specificity and we used it as a model for a generic human cell. Moreover, differently from [22], we did not consider the uptake of extracellular substrates. Instead, we
considered the different isoforms of the enzyme hexokinase (HK), the first enzyme of
the glycolythic pathway that converts glucose (GLC) into glucose-6-phosphate (G6P).
We decided to explicitly represent the three isoforms of HK that are the most abundant
across different cell types and are known to have different kinetic properties [43]. Thus,
the network is modelled by relying on the SSN formalism, in which, as shown in Fig. 2,
colors are used to encode the different isoforms of HK (i.e., the color class Isof divided
in the three subclasses I1, I2 and I3).
The corresponding SSN model comprises 92 places and 174 transitions, and is summarized by the schemes in Fig. 1. Out of the 92 places, 11 are colored and involved in
26 transitions that represent the elementary steps of HK reaction.
In details, the model can be divided into three submodels describing the three main
involved pathways, which are highlighted with green, pink and yellow boxes. In Fig.
1, the green box contains the colored places and transitions associated with hexokinase reaction, the pink box contains all the reactions modeling the glycolythic pathway,
while the yellow box contains the reactions involved in the pentose phosphate pathway.
The compactness of the SSN representation can be appreciated considering that a noncolored SPN with an identical behavior would have included two redundant replicates
for each of the colored places and related transitions, resulting in a SPN with 114 places
and 226 transitions.

3

Results and Discussion

In this section we present the results of the PE carried out by integrating GreatSPN [1]—
a framework for the analysis of Discrete Event Dynamic Systems described through the
PN formalisms—with FST-PSO [28] and LASSIE [39]. In order to show the effectiveness of FST-PSO for the PE problem with respect to other state-of-the-art methods, we
compared its performance against Covariance Matrix Adaptation Evolution Strategy
(CMA-ES) [18], Differential Evolution (DE) [13], and Genetic Algorithms (GAs) [21,
6]. The mutation strategy of DE used in this work is the DE/rand/1/bin; the crossover
probability was set to CR = 0.25; the differential weight was set to F = 1.0. For
GAs, we used a Gaussian mutation with probability pmu = 0.2; two-point crossover
with probability pcr = 0.99; tournament selection, with tournament size equal to 3 (additional details can be found in [13]). All methods were implemented in Python using
the Distributed Evolutionary Algorithms (DEAP) framework (v. 1.0.2) [16]. In all tests,
the initial population of each meta-heuristic was randomly generated by sampling the
parameters of each individual using a log-uniform distribution [29, 9], restricting the
values in the boundaries of the search space. All simulations were performed using an
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absolute error tolerance equal to 10−8 , and a relative error tolerance equal to 10−4 . All
tests were repeated 30 times to collect statistical information and assess the Average
Best Fitness (ABF) value, in order to discuss the average behavior of each algorithm.
The SSN model presented in this work (Fig. 1) represents an extension of the model
proposed by Jamshidi and Palsson [22], in which we increased the level of detail by
specifying the three main isoforms of the HK enzyme (i.e., HK-I, HK-II and HK-III).
By so doing, we included new reactions corresponding to new transitions in the SSN
model, whose kinetic constants are unknown. In our tests we also assumed the relative
abundances of HK-I, HK-II and HK-III respectively equal to 0.6, 0.3 and 0.1, which
represent a possible condition for the metabolic network.
To investigate this extended model, we considered the following workflow:
– the approach described in [22] is used to build a baseline large-scale kinetic metabolic
model with mass action kinetics;
– the model is defined by means of a SSN, where colored places represent enzyme
isoforms of biological relevance, thus obtaining a compact and clear description of
the system;
– experimental data are gathered and exploited to infer the isoform-specific kinetic
parameters by means of FST-PSO coupled with LASSIE;
– the model is finally used to predict the behavior of the system when isoform-specific
modifications are introduced.
The experimental data needed to solve the PE problem are (i) time-course measurements of the main upstream and downstream metabolites, and (ii) a quantification of the
proportion of isozymes in the mixture. The former data can be produced by biochemical assays or Mass Spectrometry techniques [7, 38], while the latter can be derived from
proteomics experiments [42] or estimated from gene-expression data [2]. However, to
test the effectiveness of the approach presented here, we relied on synthetic experimental data, generated by simulating the baseline model in which no isoforms are specified.
The model extended with different isoforms includes 78 new transitions, 3 for each
reaction, whose kinetic constants are unknown. The values of the corresponding 78
mass-action kinetic parameters were then inferred searching the best fit with the synthetic experimental measurements of glucose (GLC) and lactate (LAC) concentrations
in a 50 hours time window. The ranges of feasible parameter values were defined by
considering the 26 original parameter values used to generate the synthetic data, and
allowing for a variation of at most 3 orders of magnitude above and below these values.
Fig. 3 shows the comparison between the experimental data (DTTS, red dots) and
the simulation of GLC and LAC obtained with the best parameterizations found by
CMA-ES (blue line), DE (green line), GAs (orange line), and FST-PSO (pink line). We
observe that all meta-heuristics except CMA-ES achieved a perfect fitting at the end of
the optimization process. Fig. 4 reports the ABF calculated according to the results of
20 independent PE repetitions, showing that FST-PSO is capable of outperforming the
other meta-heuristics for this specific task, confirming the results presented in [29].
From the computational perspective, LASSIE strongly reduced the running time
required by the PE task, achieving a 30× speed-up running on a NVIDIA GeForce
Titan X (3072 cores, clock 1.075 GHz and RAM 12 GB) with respect to the same
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Fig. 3. Dynamics of the GLC (top) and LAC (bottom) species of the human intracellular metabolic
network, obtained with the best parameterization found by CMA-ES, DE, GAs and FST-PSO,
compared with the experimental data (DTTS).
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Fig. 4. ABF calculated running CMA-ES, DE, GA and FST-PSO for 20 independent repetitions.
FST-PSO clearly outperforms the competitor methods.

analysis carried out with the ODE solver LSODA [34] running on a CPU Intel Core
i7-2600 (3.4 GHz, RAM 8 GB).
We then explored how the model could be used to reproduce the effect of an isoformspecific modification of the system. This scenario can represent a gene knock-down ex-
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periment, the effect of a drug with an isoform-specific target, or a change in isozyme
expression after the cell is exposed to an environmental stimulus [26]. In Fig. 5 we
show that 50%, 75% and 100% reductions of the concentration of HK-I isoform, the
isoform with the highest abundance (0.6), affect the dynamics of key metabolites in
the network in a 10 hours time window. Noteworthy, from these results we can see
that a complete knock-out of one isoform is not necessarily detrimental for intracellular
energy-producing pathways, as other isoforms with efficient kinetics can provide alternative catalytic routes. The simulations of the model in a 50 hours time window indeed
show that the 50%, 75% and 100% knock-down interventions only result in negligible
effects on steady state metabolite concentrations (see Fig. 6).
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Fig. 5. Dynamic profiles of metabolite concentration simulated with the baseline model, and with
increasing (50, 75, 100%) knock-down interventions on the HK I isoform, in a 10 hours time
window. Glucose (GLC) and glucose-6-phosphate (G6P) are upstream metabolites with respect
to HK. Fructose-diphosphate (FDP), glyceraldehyde-3-phosphate (GAP), pyruvate (PYR) and
lactate (LAC) are downstream metabolites with respect to HK. 6-Phosphogluconolactone (GL6P)
and ribose 5-phosphate (R5P) are involved in the pentose phosphate pathway.

The dynamics of GLC and LAC apparently display the most evident differences
in a 50 hours window; however, it should be considered that this result was indeed
expected as these two metabolites represent, respectively, the “source” and the “sink”
entities in the network (see Fig. 1), and no influx/efflux reactions were modeled. If
we compare the GLC and LAC dynamics, we can observe that altering the activity of
enzymes like HK, which is known to exert high control over the whole pathway [37],
produces proximal effects (upstream metabolite GLC is directly degraded by HK) and
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distal effects (9 metabolic reactions separate HK from the downstream metabolite LAC)
on a comparable scale.
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Fig. 6. Dynamic profiles of metabolite concentration simulated with the baseline model, and with
increasing (50, 75, 100%) knock-down interventions on the HK I isoform, in a 50 hours time
window. Glucose (GLC) and glucose-6-phosphate (G6P) are upstream metabolites with respect
to HK. Fructose-diphosphate (FDP), glyceraldehyde-3-phosphate (GAP), pyruvate (PYR) and
lactate (LAC) are downstream metabolites with respect to HK. 6-Phosphogluconolactone (GL6P)
and ribose 5-phosphate (R5P) are involved in the pentose phosphate pathway.

4

Conclusions

When mathematical models are used to investigate the effects produced by the different
kinetic properties of metabolic isozymes, issues of model representation and efficient
simulation of the dynamics often arise. In this work, we showed how the compact and
parametric representation achieved with SSNs can be combined with FST-PSO coupled with LASSIE to effectively and efficiently solve the PE problem, thanks to the
parallelization of the computations on the GPU. The approach presented in this work
is particularly well suited to deal with complex metabolic models that, for instance, include many reactions alternatively catalyzed by various isozymes with unknown kinetic
parameters. As a matter of fact, we successfully estimated the 78 missing parameters
related to HK isozymes. These allowed us to correctly reproduce the network behavior
and to perform new in silico experiments. Thanks to the GPU-powered simulator ex-
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ploited in this work, we achieved a 30× speed-up with respect to the same methodology
running on CPU and exploiting LSODA as ODE solver.
As a future extension, we will apply our methodology to expand other portions
of the intracellular metabolic network, so that the effects of combined modifications
on multiple enzymes could be analyzed. In addition, we plan to employ multi-GPU
systems to further improve the overall computational performances of our approach.
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