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Abstract Many molecular details remain to be uncovered

concerning the regulation of polyamine metabolism. A

previous model of mammalian polyamine metabolism

showed that S-adenosyl methionine availability could play

a key role in polyamine homeostasis. To get a deeper

insight in this prediction, we have built a combined model

by integration of the previously published polyamine

model and one-carbon and glutathione metabolism model,

published by different research groups. The combined

model is robust and it is able to achieve physiological

steady-state values, as well as to reproduce the predictions

of the individual models. Furthermore, a transition between

two versions of our model with new regulatory factors

added properly simulates the switch in methionine adeno-

syl transferase isozymes occurring when the liver enters in

proliferative conditions. The combined model is useful to

support the previous prediction on the role of S-adenosyl

methionine availability in polyamine homeostasis. Fur-

thermore, it could be easily adapted to get deeper insights

on the connections of polyamines with energy metabolism.

Keywords Metabolic modeling � Systems biology �
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Introduction

Mammalian polyamine metabolism consists of a bi-cycle

with two required entrances, ornithine and S-adenosyl

methionine (SAM), and several alternative exits (Medina

et al. 2003). The relevant regulatory roles of the short half-

life enzymes ornithine decarboxylase (ODC), S-adenosyl-

methionine decarboxylase (SAMDC) (Berntsson et al.

1999) and spermidine/spermine acetyl transferase (SSAT)

(Parry et al. 1995) are well documented. With a solid

background in the study of polyamine metabolism regula-

tion (among others, see Paz et al. 2001; Melgarejo et al.

2010), our group has previously claimed for more systemic

approaches by using both omics technology and biocom-

putational models (among others, see Medina et al. 2005;

Chaves et al. 2007; Montañez et al. 2007; Sánchez-Jiménez

et al. 2007). In 2006, our group made public the first

mathematical model of mammalian polyamine metabolism

(Rodrı́guez-Caso et al. 2006). This model captured

the tendencies observed for these key enzymes both in

transgenic mice and in pharmacological intervention

The metabolites preceded by ‘‘b’’, ‘‘c’’ or ‘‘m’’ are located in the
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without a precedent letter are locate in one compartment, or in the
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included in different cellular compartments with the same

concentration as a consequences of diffusion transport processes. The
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Institut de Biologia Evolutiva (CSIC-UPF), Passeig Marıtim de

la Barceloneta 37-49, 08003 Barcelona, Spain

123

Amino Acids (2012) 42:597–610

DOI 10.1007/s00726-011-1035-7

http://dx.doi.org/10.1007/s00726-011-1035-7


experiments, i.e., MGBG (methylglyoxal bis(guanylhyd-

razone) (Marques et al. 2008; Agostinelli et al. 2010).

Furthermore, the model unveiled (and explained in math-

ematic terms) the key regulatory role of SAM availability

and acetyl-CoA/CoA recycling for polyamine regulation,

two features which were not usually considered in systemic

experimental studies concerning polyamine metabolism.

Concerning acetyl-CoA availability, there were some pre-

vious experimental results pointing in the direction sug-

gested by our model simulations (Kee et al. 2004), and

evidence of the connection between polyamine metabolism

and the oxidative metabolism (Pezzato et al. 2009).

Shortly, after the publication of our model, new experi-

mental data from independent group confirmed our pre-

dictions (Jell et al. 2007; Kramer et al. 2008). On the

contrary, there were no available experimental data to test

our suggestion that the branch of SAM production in the

methyl cycle pathway could be relevant for polyamine

homeostasis.

SAM is a main donor of methyl groups connecting

polyamine, histamine, sulfur amino acid and folate meta-

bolic pathways (Grillo and Colombatto 2008; Lu 2000)

across 21 reactions in the KEGG human metabolic path-

way. Therefore, SAM could be considered as a metabolic

hub within the metabolite-reaction network (Montañez

et al. 2010). Previous studies have proposed SAM as a

physiological marker for hepatocytes and as a key element

in their metabolic regulation (Finkelstein and Martin 1984;

Mato et al. 2002; Prudova et al. 2006; Santamarı́a et al.

2006). The biosynthesis of SAM occurs in all mammalian

cells in a reaction catalyzed by methionine adenosyltrans-

ferase (MAT). Two genes (mat 1a and mat 2a) encode for

this essential enzyme; mat 1a is expressed mainly in the

liver, whereas mat2a is widely distributed. The mat2a

expression is induced in liver during the periods of rapid

growth and dedifferentiation (Lu 2000). Both genes encode

for two homologous MAT catalytic subunits, a1 and a2,

respectively. The a1 subunits associated with different

quaternary structure give rise to MAT-I/MAT-III iso-

zymes. On the other hand, the a2 subunit can bind a reg-

ulatory b subunit (forming MAT-II isozyme) that confers

the capability to be inhibited by the product SAM. Thus,

although MAT isozymes catalyze the same reaction, they

differ in kinetic and regulatory properties (Sullivan and

Hoffman 1983). It has been shown that SAM availability

decreases in response to a switch in the gene expression of

different methionine adenosyltransferase (MAT) isozymes

(Cai et al. 1998; Martı́nez-Chantar et al. 2002). Other

experimental works have modeled the sulfur amino acid

metabolism, but ignoring the flux distribution, driving to

wrong interpretations based on correlations of metabolites

levels and enzyme activities (Stipanuk and Dominy 2006).

In this sense, a dynamical approach of this metabolic

system can be very useful. Although several previous

biocomputational works have modeled the methyl cycle,

the sulfur metabolism and the MAT switch (Martinov et al.

2000; Reed et al. 2004; Nijhout et al. 2004; Prudova et al.

2005; Nijhout et al. 2006; Korendyaseva et al. 2008; Reed

et al. 2008; Martinov et al. 2010), none of them has taken

into account the regulatory role of the connection with

polyamine metabolism. In order to bridge this gap, we

decided to build a combined model.

This communication describes our detailed model of

hepatic polyamine, methyl cycle and sulfur amino acid

metabolism, and how this combined model can provide

new insights on the role of SAM availability on polyamine

homeostasis and on the pathophysiological implications of

the MAT switch.

Materials and methods

Buidling of the first and second versions

of the combined model

To build the combined model, we started by translating our

original polyamine model written in Perl (Rodrı́guez-Caso

et al. 2006) to compatible SBML (Hucka et al. 2003). A

curated version of this model is currently available in

BioModel database (Li et al. 2010; reference BIOMD

0000000190). We decided to combine this curated poly-

amine model with the curated one-carbon and glutathione

metabolism model (reference BIOMD 0000000268), cor-

responding to that published by Reed and co-workers

(Reed et al. 2008). The SBML file of the version 1 (first

version) of our combined model is provided as Online

Resource 1. To overcome the overlap of the MAT-I/-III

reaction included in the glutathione model (Reed et al.

2008) with the MAT reaction included in our original

polyamine model (Rodrı́guez-Caso et al. 2006), only the

rate equations of glutathione model (Reed et al. 2008)

taking into account the SAM biosynthesis through both

isoenzymes separately were included in our combined

model. Figure 1 shows our combined model depicted by

making use of SBGN (Le Novère et al. 2009) graphical

notation with the CellDesigner (http://www.celldesigner.

org/). To simulate the MAT switch, we built a version 2 of

our combined model, as it is provided in Online Resource

2. In this version, we included the MAT-II rate equation

(Online Resource 3) in agreement with the kinetics

described previously (Prudova et al. 2005; Sullivan and

Hoffman 1983) and the Vmax parameters for MAT-I/-III

(Vm_MAT1 and Vm_MAT3, respectively) were fixed at

zero (lmol h-1) as it occurs in the MAT switch (Martı́nez-

Chantar et al. 2002). Additionally, a regulation factor

(Online Resource 3) was implemented in Vmax parameters
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for ODC and SAMDC to test the effects of the availability

of SAM on the polyamine metabolism as a consequence of

the switch in the MATs reactions. A similar approach were

carried out in previous models (Prudova et al. 2005), but

the biosynthetic reactions and catabolic mechanism were

oversimplified.

Finally, the concentration of hydrogen peroxide was

increased by 50% (from 0.01 to 0.015 lM) to include the

effect of increased ROS in conditions of liver injury as in

partial hepatectomy, hepatoma, and hepatocellular carci-

noma (Huang et al. 2001), as well as a consequence of

increased polyamine oxidation (Agostinelli et al. 2004).

Our models were designed under the theoretical

framework of classical enzymology (taking into account

our previous experience) and mathematically described as

ordinary differential equation (ODEs) systems, containing

affinity, inhibition and activation constants, specific activ-

ities and/or maximal velocities as their parameters. To

evaluate the kinetic data used, we made use of the Systems

Biology Metabolic Model (SBMM) assistant (Reyes-Pal-

omares et al. 2009).The whole set of equations are pro-

vided in Online Resource 3, which includes the modified

equations to build version 2 of the combined model. The

initial values for parameters, reactions and metabolites in

the model are provided in Online Resource 4 (Tables S1,

S2) and Table 1, respectively. Models were simulated by

using COPASI (Mendes et al. 2009).

Steady-state analysis

The steady-state analysis uses a deterministic ODE solver

(LSODA) (Mendes et al. 2009). To run this analysis, the value

of the ‘‘Aminoacid_input’’ parameter was fixed to one, con-

sidering constant the daily intake of amino acids from meals

because perturbations generated for this parameter are very

stiff and generate numerical instability. In addition, a kinetic

stability analysis was performed in COPASI (Mendes et al.

2009) based on the linear stability analysis of the eigenvalues

in the Jacobian matrix only valid for steady states. To perform

the steady-state in the stability analysis for the forward and

backward integration of the version 1 of the combined model,

we modified default values of resolution parameter, referent to

concentration variability along the time, from 10-9 to 10-6,

due to the stiffness of the model.

Fig. 1 Combined model of polyamines, one-carbon and glutathione

metabolism (version 1). The main metabolites and biochemical

reactions involved in polyamine (dark gray), folates, methionine and

glutathione metabolism (gray) are depicted. This representation

follows the specifications of the Systems Biology Graphical Notation

(SBGN, www.sbgn.org). SAM (in the upper right corner with the

largest font) represents the main connection between one-carbon

metabolism plus transulfuration pathways and polyamine metabolism.

The metabolites preceded by ‘‘b’’, ‘‘c’’ or ‘‘m’’ are located in the

blood, the cytosol and mitochondria, respectively. Those metabolites

without a precedent letter are located in one compartment only, or in

the case of folate, formaldehyde, sarcosine and dimethylglycine can

be included in different cellular compartments with the same con-

centration as a consequence of diffusion transport processes
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Table 1 List of metabolites used in the combined mode

Name Compound Type Initial

concentration

(lM)

Steady-state

concentration

(lM)

1-(50-Phosphoribosyl)-5-amino-

4-imidazolecarboxamide

AICAR Reactions 0.94 0.94

10-Formyltetrahydrofolate c_10-formyl-THF Reactions 3.41 3.26

10-Formyltetrahydrofolate m_10-formyl-THF Reactions 15.91 15.99

5-Methyltetrahydrofolate c_5-methyl-THF Reactions 4.50 5.36

5,10-Methenyltetrahydrofolate c_5-10-methenyl-THF Reactions 0.28 0.26

5,10-Methenyltetrahydrofolate m_5-10-methenyl-THF Reactions 1.55 1.55

5,10-Methylenetetrahydrofolate c_5-10-methylene-THF Reactions 0.51 0.46

5,10-Methylenetetrahydrofolate m_5-10-methylene-THF Reactions 1.67 1.67

50-Phosphoribosylglycinamide GAR Fixed 10.00 10.00

Acetyl-CoA Acetyl-CoA Reactions 39.50 38.83

Betaine Betaine fixed 50.00 50.00

CO2 CO2 Fixed 0.00 0.00

CoA CoA Reactions 160.00 160.67

Cystathionine Cystathionine Reactions 36.88 32.30

Cysteine b_Cysteine Reactions 185.50 183.10

Cysteine c_Cysteine Reactions 194.97 179.79

Dihydrofolate c_DHF Reactions 0.04 0.04

DL-Glutamate b_Glutamate Reactions 60.43 60.47

DL-Glutamate c_Glutamate Reactions 3,219.40 3,236.78

DL-Serine b_Serine Assignment 150.00 150.00

DL-Serine c_Serine Reactions 562.83 571.23

DL-Serine m_Serine Reactions 2,114.87 2,150.06

dUMP dUMP Fixed 20.00 20.00

Folate Folatea Fixed 20.10 20.10

Formaldehyde Formaldehydea Fixed 500.00 500.00

Formate c_Formate Reactions 13.09 13.98

Formate m_Formate Reactions 55.82 58.37

Gamma-L-Glutamyl-L-cysteine Glutamyl-Cysteine Reactions 9.81 9.61

Glutathione b_GSH Reactions 12.70 12.55

Glutathione c_GSH Reactions 6,590.85 6,272.51

Glutathione disulfide b_GSSG Reactions 0.48 0.47

Glutathione disulfide c_GSSG Reactions 61.30 59.81

Glycine b_Glycine Reactions 221.10 218.73

Glycine c_Glycine Reactions 924.43 927.56

Glycine m_Glycine Reactions 2,040.43 2,043.47

H2O2 H2O2 Fixed 0.01 0.01

Homocysteine Homocysteine Reactions 1.12 1.02

L-Ornithine Ornithine Fixed 300.00 300.00

Methionine b_Methionine Assignment 30.00 30.00

Methionine c_Methionine Reactions 49.19 50.60

N,N-Dimethylglycine Dimethylglycinea Reactions 0.71 0.68

N1-Acetylspermidine Acetylspermidine Reactions 0.01 0.90

N1-Acetylspermine Acetylspermine Reactions 0.01 0.03

NADPH NADPH Fixed 50.00 50.00

Putrescine Putrescine Reactions 0.01 98.20

S-Adenosyl-L-homocysteine SAH Reactions 19.14 15.56
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Sensitivity analysis

Sensitivity analysis was carried out in COPASI by

numerical differentiation using finite differences. In this

analysis, all time-dependent parameters were differentiated

with respect to all time-independent parameters of the

combined model. The finite differences for numerical dif-

ferentiation are calculated as the product of the current

value of the time-independent parameters and a Delta

factor (10-6). If the resulting value is \10-12 it is dis-

carded and the 10-12 is used instead. This analysis generate

a two dimensional matrix (Online Resource 5).

Time-course simulations and in silico experiments

In both versions of the model, time-course simulations

were carried out to assess the progress of metabolites

concentrations and reaction fluxes until reaching a stable

value. To test the predictive power of the model, different

perturbations were simulated following the same steps as

described in the original models (Rodrı́guez-Caso et al.

2006; Reed et al. 2008). These in silico experiment used

steady-state values as initial conditions.

Results

The combined model achieves steady-state values

similar to those attained by the original models

Tables S2 (contained in Online Resource 4) and Table 1

show the steady-state flux and concentration values

obtained in the simulation of the first version of the

combined model for reactions and metabolites, respec-

tively. These steady-state values are equal or very similar

to those reported to be obtained in the simulations of the

original models and are attained at the same physiological

times (Rodrı́guez-Caso et al. 2006; Reed et al. 2008). It is

noteworthy also how the combined model keeps the

metabolite fluctuations within the physiological rank, in the

time needed to achieve the steady state.

The combined model is robust

The kinetic stability analysis showed an asymptotically

stable state presenting transient states in its vicinity with

oscillatory components. An exhaustive sensitivity analysis

(provided as Online Resource 5) indicates that the com-

bined model is essentially robust, in spite of the fact of

having been built from two independent kinetic models that

were designed according to very different principles.

The combined model reproduces the predictions

attained by the original models

Figures 2 and 3 show that our combined model faithfully

reproduces the main predictions obtained with simulations from

the original models (Rodrı́guez-Caso et al. 2006; Reed et al.

2008). Concerning the polyamine metabolism, Fig. 2 repro-

duces both experimental data and the original polyamine model

simulations related to the modulation of the three key control

enzymes in polyamine metabolism. Concretely, we analyzed

the effects of treatments with DFMO (an inhibitor of ODC),

MGBG (an inhibitor of SAMDC) and DENSPM (a ‘‘superin-

ducer’’ of SSAT), as well as the effects of the bioavailability of

acetyl-CoA as a function of its recycling. On the other hand,

Table 1 continued

Name Compound Type Initial

concentration

(lM)

Steady-state

concentration

(lM)

S-Adenosyl-L-methionine SAM Reactions 81.17/0.01 65.06

S-Adenosylmethioninamine dcSAM Reactions 0.01 0.01

Sarcosine Sarcosinea Reactions 9.16 8.25

Spermidine Spermidine Reactions 0.01 79.59

Spermine Spermine Reactions 0.01 61.36

Tetrahydrofolate c_THF Reactions 4.67 4.03

Tetrahydrofolate m_THF Reactions 21.08 20.99

Initial and steady-state concentration values are provided

Names correspond to the nomenclature used in KEGG (http://www.genome.jp/kegg/) for biochemical compounds. Compounds match with the

nomenclature used in Fig. 1: the compounds preceded by ‘‘b’’, ‘‘c’’ or ‘‘m’’ means they are in blood, cytosol and mitochondria compartments,

respectively. Type column indicates the mathematical role of the compound in the combined model: reactions refer to compounds that are time-

dependent parameters and their dynamical response is constrained by their related reactions and fixed refers to those compounds considered as

time-independent parameters. SAM presents two different initial state concentrations, in bold that derived from Rodrı́guez-Caso et al. 2006
a Compounds that can diffuse between different compartments
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Fig. 3 reproduces responses to amino acid input through dietary

intake, as well as the cyclic perturbations that introduce in

certain metabolite concentrations and fluxes. These predictions

are well supported by experimental observations (Rodrı́guez-

Caso et al. 2006; Reed et al. 2008 and references mentioned

therein). Other simulations carried out in the original descrip-

tions of the individual models were also faithfully reproduced

by our combined model (results not shown).

A transition from version 1 to version 2 of our

combined model is necessary to reproduce

the metabolic consequences of a MAT-I/-III to MAT-II

switch

As mentioned earlier, it is well documented that under

proliferative circumstances there is a switch from MAT-I/-

III to MAT-II activity in the mammalian liver. Since the

Fig. 2 In silico experiments with the combined model (version 1)

reproduces the predictions of the original mammalian polyamine

metabolism model (Rodrı́guez-Caso et al. 2006). a DFMO (an

irreversible inhibitor of ODC) effects on polyamine levels in both

time-course simulations (isolated and combined models) and exper-

iments data from (Korhonen et al. 2001). For the original model of

polyamines, in silico simulations are shown as follows: putrescine

(continuous line), spermidine (segment and dotted line), and spermine

(dashed and dotted line). For the combined model, in silico

simulations are shown as follows: putrescine (segment line), spermi-

dine (dashed line), and spermine (dotted line). Experimental data are

shown as follows: putrescine (empty circles), spermidine (empty
squares), and spermine (full circles). b MGBG (a potent competitive

inhibitor of SAMDC) effects on polyamine levels in both time-course

simulations (original and combined models) and experiments data

from (Korhonen et al. 2001). Lines as in (a). c DENSPM (a very

potent inducer of SSAT) effects on polyamine levels (up) and short

lived enzymes (down). For polyamines, we used lines as in (a). For

enzymes: ODC (continuous line), Antz (dashed line), SAMdc (dotted
line), and SSAT (segment and dotted line). Each line is accompanied

by a very thin line attached that corresponds to the results of the

simulation carried out in the combined model. d Effects of acetyl-

CoA recycling rate in the free polyamine levels once steady state is

reached. In the model of polyamines, basal conditions (continuous
line); tenfold induced SSAT activity conditions (dotted line). In the

combined model, basal conditions (segment line); tenfold induced

SSAT activity conditions (dashed line). For the cases of induction of

SSAT, we considered SSAT activity to be a time-independent

parameter

602 A. Reyes-Palomares et al.

123



curated one-carbon and glutathione metabolism model

(BIOMD 0000000268) integrated in our combined model

included equations for MAT-I/-III, but not for MAT-II, we

decided to build another version of our model by setting the

parameters (Vmax) corresponding to MAT-I/-III to zero and

including the MAT-II velocity reaction (Online Resource

3). Thus, a transition from version 1 to version 2 of our

combined model should allow us to simulate the switch

that has been reported to regulate the liver function (Mato

et al. 2002). However, as shown by Fig. 4, the simple

exchange of MAT-I/-III to MAT-II kinetic data in our

initial integrated model is not enough to properly simulate

the metabolic MAT switch consequences observed exper-

imentally; therefore, other factors should be taken into

account and some adjustments were necessary to improve

the predictive capabilities of our model. Current knowledge

allows us to infer the importance of the regulatory role of

SAM on this switch and the homeostasis of liver metabo-

lism (Finkelstein et al. 1975; Finkelstein and Martin 1984;

Mato et al. 2002; Prudova et al. 2006), which seems to

Fig. 3 In silico experiments with the combined model (version 1)

reproduces the predictions of the original one-carbon and glutathione

metabolism model (Reed et al. 2008). a Time-course of the amino

acid input to the hepatocyte in the models throughout a day. b Time-

course simulations of the changes in concentrations of SAM,

c_methionine and c_GSH. For the original the glutathione model:

SAM (continuous line), c_methionine (dotted line) and 100 times

increased cGSH (segment line). For the combined model: SAM

(segment and dotted line), c_methionine (dashed line) and 100 times

increased cGSH (gray line) for the representation. c Time-course

simulations of the changes in the fluxes of V_DNMT, V_CBS and

V_GS. In the glutathione model: V_DNMT (continuous line), V_CBS

(dotted line) and V_GS (segment line). In the combined model:

V_DNMT (segment and dotted line), V_CBS (dashed line) and V_GS

(gray line). d Time-course simulations of the changes in the

concentrations of c_5-methyl-THF, b_GSH and homocysteine. In

the glutathione model: c_5-methyl-THF (continuous line), b_GSH

(dotted line) and ten times increased homocysteine (segment line). In

the combined model: c_5-methyl-THF (segment and dotted
line),b_GSH (dashed line) and ten times increased homocysteine

(gray line)
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involve polyamine metabolism. In fact, it is reported that

an inverse correlation between SAM depletion and the

activities of two key enzymes for polyamine synthesis

ODC and SAMDC is due to uncharacterized mechanisms

(Mikol and Poirier 1981; Kramer et al. 1987; Kramer

et al. 1988). In addition, the overexpression of ODC in

liver under different proliferative circumstances as in

partial hepatectomy is well known (Russell and McVicker

1971; Kubo et al. 1998). Therefore, to simulate these

changes, we introduced a SAM-dependent regulatory

factor on both SAMDC and ODC Vmax equations (see

Online Resource 3) in the version 2 of our model due to

the decreased SAM levels. Figure 5 depicts the fluxes

distributions in polyamine metabolism associated with

this MAT-I/-III (panel A) to MAT-II (panel B) switch, in

agreement with a basal (version 1) and a proliferative

(version 2) physiological condition, respectively. Fur-

thermore, since proliferation has been associated with

increased oxidative stress and as an effect of increased

activity of polyamine oxidation (Agostinelli et al. 2004),

we also increased by 50% the levels of hydrogen peroxide

in the version 2 of our combined models. In response to

increased oxidative stress, glutathione synthesis is

increased and it leads to rise the cytosolic levels of glu-

tathione, in agreement with experimental data (Vitvitsky

et al. 2003, 2006). Figure 6 shows simulations of transi-

tions from version 1 to version 2 of the combined model

(this last one incorporating the previously mentioned

changes). It should be underscored that under these con-

ditions our models were able to simulate metabolic

changes experimentally proven as the effects of SAM

depletion on polyamine biosynthesis (Mikol and Poirier

1981; Kramer et al. 1987, 1988), polyamine metabolism

in liver cancer (Russell and McVicker 1971; Williams-

Ashman et al. 1972; Kubo et al. 1998) and increased

Fig. 4 Time-course simulation (96 h) of the MAT isozyme expres-

sion switch (at time 24 h, as indicated by the arrow, MAT-I/-III are

switched off and MAT-II is switched in) effects on concentration of

major regulated metabolites. SAM (gray line), putrescine (continuous
line), c_GSSG (segment line), spermidine (segment and dotted line),

spermine (dashed-dotted line), c_methionine (dashed line), c_GSH

(dotted line)

Fig. 5 Schematic representation of the switch in the expresion of

methionine adenosyltransferase (EC 2.5.1.6) coding genes and fluxes

through reactions of polyamine biosynthesis. Hepatocyte proliferation

is related to the inactivation of the activity and expression of MAT-I

and -III, as well as to the increased activity of MAT-II. a MAT-I/

MAT-III regulation by SAM in the version 1 of the combined

metabolic model. b MAT-II regulation by SAM in the hepatocyte

proliferating model (version 2, see methods and text). The thickness

of the reactions (arrows) is correlated with the flux value in each

condition

Fig. 6 Time-course simulation (96 h) of the MAT isozymic expres-

sion switch (at time 24 h, as indicated by the arrow, version 1 is

substituted by version 2 of the combined model) effects on

concentration of major regulated metabolites taking into account

SAM regulation in polyamine biosynthetic enzymes ODC and

SAMDC. Lines as in Fig. 4
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glutathione level in hepatocellular carcinoma (Huang

et al. 2001).

Version 2 of the integrated model predicts experimental

observation under different hepatic proliferative

circumstances

Due to the high regenerative potential of liver, partial

hepatectomy is a good experimental model to analyze

metabolic changes associated with a transition to these

regenerating conditions (Latasa et al. 2001; Huang et al.

1998). Figure 7 show that our combined model is able to

simulate and properly predict some relevant features of

polyamine metabolism under proliferative conditions

(Russell and McVicker 1971).

Liver cancer, in correlation with a growing genetic

instability in the carcinogenesis process, leads to metabolic

responses similar to those ocurring in proliferating hepa-

tocytes after a partial hepatectomy. According to all pre-

vious knowledge, liver cancer could be a good model to be

tested in the version 2 of the combined model. Figure 8

compares the changes in polyamine concentrations and

ODC activity obtained in MAT switch simulation in silico

experiments with those observed experimentally under

circumstances of hepatoma with different proliferation

rates (Williams-Ashman et al. 1972) and hepatocellular

Fig. 7 Polyamine levels and polyamine biosynthetic activities in

partial hepatectomy experiments (Russell and McVicker 1971) and in

silico time-course simulation results of the MAT expression switch.

a Polyamine levels. In silico experiments are shown as follows:

putrescine (continuous line), spermidine (segment and dotted line),

and spermine (dashed and dotted line). Experimental data are shown

as follows: putrescine* (empty circles), spermidine (empty squares),

and spermine (full circles). Asterisk indicates that putrescine exper-

iments concentration values have been increased ten times for the

representation. b ODC activity. In silico simulation data (continuous
line); experimental data (full circles). c SAMDC activity. In silico

simulation data (segment and dotted line); experimental data (empty
circles)
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carcinoma associated or not with effects of alcohol abuse

(Kubo et al. 1998).

Discussion

Current utility of bottom-up approaches based

on kinetic metabolic modeling

Since a few years ago, molecular systems biology

approaches are feasible to build genome-scale metabolic

network models (Chandrasekaran and Price 2010; Ma et al.

2007; Duarte et al. 2007), as well as genome-scale kinetic

models of the whole cellular metabolism (Jamshidi and

Palsson 2008; Smallbone et al. 2010). However, these

approaches provide a low resolution, and therefore when

higher degrees of details are required, classical detailed

kinetic models based on accumulated kinetic and metabolic

knowledge are still convenient and useful alternatives

(Montañez et al. 2008; Curien et al. 2009; Raftos et al.

2010). Accepting that cellular functionality could be

seamlessly partitioned into a collection of modules (Hart-

well et al. 1999); Lauffenburger 2000; Shen-Orr et al.

2002) and that this modularity can be extended to the

metabolism (Rao and Arkin 2001; Newman 2006), then a

bottom-up modular integration approach seems an accept-

able way to build bigger metabolic models from simpler,

available ones. This bottom-up approach could lead to the

effective building of the so-called silicon cell (Snoep et al.

2006).

In this study, we have used this bottom-up strategy to

simply integrate two previously mathematical metabolic

models (Rodrı́guez-Caso et al. 2006; Reed et al. 2008) into

a combined model easily adaptable to simulate transitions

to proliferative conditions in the liver. In the case of our

original model of mammalian polyamine metabolism

(Rodrı́guez-Caso et al. 2006), which was written in Perl,

we decided to translate it into standard SBML. Curation of

this adapted model allowed us to detect and restore some

minor errors solved in its currently available Biomodels

version (reference BIOMD 0000000190). Based on our

experience with our own published model, we decided to

use also the curated Biomodel version of the one-carbon

and glutathione metabolism model (reference BIOMD

0000000268). It is noteworthy to mention that this model

was in fact built by its authors from previously published

models from their group by the aforementioned bottom-up

strategy (Reed et al. 2004; Nijhout et al. 2004; Prudova

et al. 2005; Nijhout et al. 2006; Korendyaseva et al. 2008;

Reed et al. 2008).

Fig. 8 Comparisons in both hepatic polyamine concentrations and

ODC activity fold changes between in silico experiments results and

different malignant models (hepatoma and hepatocellular carcinoma

experimental data). Black bars indicate results from the version 1 of

the model. For hepatoma experimental data (Williams-Ashman et al.

1972) the fold changes (%) mean values respect to the controls

corresponding to slow/intermediate and fast cell growth groups are

depicted. In hepatocellular carcinoma experimental data (Kubo et al.

1998), the fold changes mean values respect to the controls

(corresponding to heavy alcohol consumers and moderate or non

consumers) are depicted

606 A. Reyes-Palomares et al.

123



Reliability and robustness of our combined model

It must be emphasized that the ‘‘philosophy’’ behind the

way in which our group built the polyamine metabolism

model and that applied by Reed et al. (2008) in the con-

struction of their one-carbon and glutathione metabolism

model are remarkably different. Whereas in this last model,

the authors use physiological values of metabolites as ini-

tial concentration values, those not fixed values of metab-

olite concentrations considered in our polyamine

metabolism model were assigned an initial value of 0.01

micromolar (very close to zero), as shown in Table 1. The

conservative approach adopted by Reed et al. (2008) means

that from the beginning they build a model that should be

fit well to steady-state conditions, allowing only small

changes in these initial values. Therefore, it should not be a

surprise at all that steady-state concentration values are all

very close to the selected initial values. We think that our

approach is much stronger, since from initial conditions far

away from actual physiological values, our model was able

to reach completely physiological steady-state values

(Rodrı́guez-Caso et al. 2006).

Modular reaction systems are more robust and converge

to an equilibrium state faster than the less modular systems

(Holme 2011). In this way, we were confident that these

capabilities of metabolism to act as coordinated but rela-

tively autonomous functional modules could allow us to

successfully build integrated models by combining models

of metabolic pathways as suggested by synthetic biology

(Andrianantoandro et al. 2006). Models may come from

different groups even in the case that the ‘‘philosophies’’

behind the way of building were clearly different, as it is

the case of the two models integrated in our combined

model. Therefore, we assumed all the assumptions of each

individual model in our combined model (Fig. 1). Steady-

state analysis of the version 1 of our combined model

(Tables S2 contained in Online Resource 4 and 1) clearly

shows the reliability of our model in capturing the main

features of the original ones. Furthermore, sensitive anal-

ysis (Online Resource 5) indicates that the combined model

is essentially robust and, in any case, as least as robust as

the original models are.

The ability of our combined model to faithfully simulate

steady-state conditions along with its proven robustness sug-

gested that our model should also be able to properly simulate

conditions of overexpression and/or inhibition of key enzymes

for both individual previous models. This was the case, as

undoubtedly shown in results depicted in Figs. 2 and 3.

Predictive potential of the present combined model

One unexpected prediction of our polyamine model was

that SAM availability could have a relevant role in

polyamine homeostasis (Rodrı́guez-Caso et al. 2006). SAM

is a major donor of methyl groups for many methylation

reactions and, at the same time, plays a relevant role in

methyl cycle, sulfur amino acid metabolism, and as a

precursor for both polyamines and histamine biosynthesis

(Lu 2000; Medina et al. 2003, 2005). Therefore, we con-

sidered relevant and interesting to integrate the folate/

methyl bi-cycle and sulfur amino acid metabolism into our

original polyamine metabolism model to get further

insights on the actual role of SAM availability in poly-

amine homeostasis. Since the one-carbon and glutathione

metabolism model (Reed et al. 2008) contained more

precise kinetic data concerning MAT-I/-III, as compared

with our previous polyamine model (Rodrı́guez-Caso et al.

2006), which only considered MAT-I kinetics, in the ver-

sion 1 of our combined model, we maintained MAT-I/-III

as considered by the first individual model. In fact, MAT-I

and MAT-III represent two different aggregation states

(tetramer vs. dimer, respectively) of the same 395 amino

acids a1 catalytic subunit encoded by the gene mat1a

(Sánchez del Pino et al. 2002). However, there is a second

mat2a gene encoding for 396 amino acids a2 catalytic

subunit sharing 84% sequence identity with a1 subunit

(Kotb et al. 1997). Whereas mat2a gene seems to be con-

stitutively expressed in all mammalian tissues that have

been examined (Mato et al. 2002), mat1a is only expressed

in adult liver (Gil et al. 1996). This difference in the pattern

of expression is interesting and it is related with the reg-

ulatory role assigned to SAM as a control switch that

regulates essential hepatic functions such as liver regen-

eration and differentiation, as well as the sensitivity of this

organ to injury (Corrales et al. 2002; Mato et al. 2002;

Sánchez del Pino et al. 2002). In fact, it is well documented

that high levels of SAM inhibit mat2a expression, as it is

the case in the healthy adult liver. Under normal physio-

logical conditions, two main mechanisms operate in the

liver maintaining relatively high SAM concentrations:

upregulation by SAM of mat1a expression and the high

catalytic capacity of MAT-I/-III to convert dietary methi-

onine into SAM. However, under conditions in which SAM

availability is reduced (as it is the case of proliferative

states demanding higher levels of methylation reactions),

mat2a repression stops and MAT-II activity becomes a

major source of SAM, which is not considered in the ori-

ginal individual models of polyamine and one-carbon and

glutathione metabolism (Rodrı́guez-Caso et al. 2006; Reed

et al. 2008). Therefore, to be able to properly simulate this

metabolic switch, we decided to build a modified, version 2

of our combined model in which MAT-I/-III is substituted

by MAT-II. On the other hand, it has been reported that the

key regulatory enzyme in mammalian polyamine biosyn-

thesis, ODC, behaves as a proto-oncogene with increased

expression and activity under proliferative conditions
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(Auvinen et al. 1992). Furthermore, proliferative condi-

tions as well as injury could lead to oxidative stress, which

in turn could contribute to inactivate MAT-I/-III and to

reduce hepatic SAM levels. All these observed data could

explain why a simple transition from version 1 to version 2

model was not enough to reproduce the real behavior of

liver upon MAT-I/-III to MAT-II switch (Fig. 5). In fact,

the incorporation of regulation by SAM of both ODC and

SAMDC activities and a modest 50% increase in the fixed

levels of hydrogen peroxide in the version 2 model was

enough to solve this limitation (Fig. 6).

Proceeding further towards our final goal, the current

knowledge of the MAT-I/-III to MAT-II switch allows us

to predict important changes in the metabolic fluxes con-

cerning polyamine biosynthesis as depicted in Fig. 6.

Therefore, it could be expected from a metabolic model

with actual predictive power that it could confirm the

proposed role of SAM availability in polyamine homeo-

stasis. This seems to be the case of our combined model,

which in fact predicts an important impact of SAM avail-

ability on liver polyamine metabolism (Figs. 6, 7). Both

SAM and polyamines are closely related metabolites that

directly connect nitrogen metabolism with gene expression

regulation. Our previous polyamine model predicts that

Met/SAM availability could regulate polyamine metabo-

lism in a positive way. However, the model ignored the

existence of different MAT isozymes with different regu-

latory properties. When applied to hepatic-related bio-

medical problems, it was absolutely required to enrich the

model with respect to MAT regulatory properties. In the

case of a MAT-I/-III-MAT-II transition, SAM levels are

reduced and it was necessary to introduce an inverse reg-

ulatory factor on ODC and SAMDC activities (proposed by

previous bibliography) to properly reproduce the experi-

mental observations obtained with hepatic proliferating

models. In the case of hepatectomy, our model predicts

reasonably well the impact of this situation on polyamine

metabolism (Fig. 7). Furthermore, this also seems to be the

case of hepatocarcinoma, a pathological situation that

illustrates well the fact that mat2a gene expression is

modulated as an adaptive response of the cell to methionine

availability (Martı́nez-Chantar et al. 2003). In all the

experimental cases (experimental rat hepatoma with slow

and fast growth, and hepatocellular carcinoma in humans

with and without previous alcohol abuse), it also reported a

clear trend to increased levels of putrescine, spermidine

and spermine and increased ODC activity (Williams-Ash-

man et al. 1972; Kubo et al. 1998), with the exception of a

slight decrease reported for spermidine levels in fast

growth hepatoma (Williams-Ashman et al. 1972). Our

MAT switch simulations depicted in Fig. 8 could repro-

duce qualitatively the tendencies for polyamine concen-

trations and ODC activity found in experimental models.

Nevertheless, a lack of information exists on the mecha-

nisms for which decreased SAM levels induce polyamine

synthesis enzymes. This could explain why our model can

predict tendencies but the predicted perceptual changes are

lower than the experimentally observed ones. This study

reveals this SAM-dependent regulatory effect on poly-

amine metabolism as a key factor to understand SAM-

polyamine relationship in the context of hepatic functions.

Future experimental works are required to decipher these

molecular mechanisms.

Concluding remarks

Our work illustrates the convenience of bottom-up

approaches in kinetic metabolic models. The resulting

versions of our combined model are robust and they

recapitulate well the main features of the individual models

used in their construction. Iterative contrast with experi-

mental results and refining allow us to reveal the existence

of newly important regulatory steps deserving further

experimental development, to enrich our integrated model.

Finally, the model is able to predict general tendencies

under different physiopathological conditions in which

SAM availability is affected. This model is also a further

step to build future versions to get further information on

the integration of these metabolic modules with the energy

metabolism. The role of acetyl-CoA recycling on both

polyamine metabolism and metabolic homeostasis in gen-

eral deserves to be analyzed in the near future.
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(2005) A comprehensive view of polyamine and histamine

metabolism to the light of new technologies. J Cell Mol Med

9:854–864

Melgarejo E, Urdiales JL, Sánchez-Jiménez F, Medina MA (2010)
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