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Abstract

Background

In contrast with normal cells, most of the cancer cells depend on aerobic glycolysis for
energy production in the form of adenosine triphosphate (ATP) bypassing mitochondrial oxi-
dative phosphorylation. Moreover, compared to normal cells, cancer cells exhibit higher
consumption of glucose with higher production of lactate. Again, higher rate of glycolysis
provides the necessary glycolytic intermediary precursors for DNA, protein and lipid synthe-
sis to maintain high active proliferation of the tumor cells. In this scenario, classical control
theory based approach may be useful to explore the altered dynamics of the cancer cells.
Since the dynamics of the cancer cells is different from that of the normal cells, understand-
ing their dynamics may lead to development of novel therapeutic strategies.

Method

We have developed a model based on the state space equations of classical control theory
along with an order reduction technique to mimic the actual dynamic behavior of mamma-
lian central carbon metabolic (CCM) pathway in normal cells. Here, we have modified
Michaelis Menten kinetic equation to incorporate feedback mechanism along with perturba-
tions and cross talks associated with a metabolic pathway. Furthermore, we have perturbed
the proposed model to reduce the mitochondrial oxidative phosphorylation. Thereafter, we
have connected proportional-integral (Pl) controller(s) with the model for tuning it to behave
like the CCM pathway of a cancer cell. This methodology allows one to track the altered
dynamics mediated by different enzymes.

Results and Discussions

The proposed model successfully mimics all the probable dynamics of the CCM pathway in
normal cells. Moreover, experimental results demonstrate that in cancer cells, a coordina-
tion among enzymes catalyzing pentose phosphate pathway and intermediate glycolytic
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enzymes along with switching of pyruvate kinase (M2 isoform) plays an important role to
maintain their altered dynamics.

Introduction

Most of the cancer cells differ from normal cells with respect to their intermediary metabolism.
Decades ago Otto Warburg recognized this altered metabolism in cancer cells [1, 2]. This alter-
ation in metabolism enables the cancer cells to survive under several adverse conditions, such
as hypoxia. In addition, cancer cells enable their high proliferation, progression and finally
attain the stage of metastasis. Moreover, compared to the normal cells, cancer cells increase the
rate of intracellular glucose import along with the fluxes through both glycolysis and pentose
phosphate pathways. Again, tumor cells rely on aerobic glycolysis for energy production in the
form of adenosine triphosphate (ATP) bypassing mitochondrial oxidative phosphorylation
with higher production of lactate. In this scenario, uncovering the intricate altered dynamics of
cancer cells may give rise to the opportunity to develop a novel diagnostic and therapeutic
strategies. Thus, in silico metabolic pathway analysis becomes important to explore the meta-
bolic alterations in cancer cells.

One of the most common approaches for analyzing metabolic pathways is flux balance anal-
ysis [3-5]. The methodology based on flux balance analysis can predict favourable flux distri-
butions across the entire pathway in response to certain perturbations. It is to be mentioned
here that although flux balance analysis can be used to obtain the steady state responses of the
system, it is not applicable for transient responses. This is the major drawback of this method.
Moreover, flux balance analysis fails to capture the key enzyme regulations and change of state
(metabolites) with respect to time in response to different kinds of perturbations.

Unlike flux balance analysis, metabolic control analysis [6-9] can be used to observe both
the steady-state and the transient behaviors of an individual component of a pathway. It can
also be used to observe the systemic behavior of the entire network. It helps in determining the
extent of control of an enzyme on both the flux of a reaction and the concentration of a metab-
olite with the underlying mechanisms. Through metabolic control analysis, the steps of modifi-
cation to achieve some successful alterations in the reactions or metabolite production can be
identified. It is helpful in the context of biotechnological (e.g., large scale production of a
metabolite) or clinical relevance (e.g., drug therapy). In this fashion, the properties of metabolic
pathways under various conditions can be well understood. However, metabolic control analy-
sis determines only the changes of a state (metabolite) with respect to certain parameters.
Moreover, it does not provide any supervisory controller to manipulate concentrations of
enzymes/metabolites to attain certain objectives/needs of cells.

Thus, we have used principle of the classical control theory to explore the altered dynamics
of mammalian central carbon metabolic (CCM) pathway in cancer cells. It is capable of dealing
with the behavior of nonlinear dynamic systems. Metabolic pathways can be considered as a
process based on classical control theory because of its nonlinearity in nature. An earlier inves-
tigation [10] shows how metabolic pathway analysis can be reformulated in the classical con-
trol theoretic framework. In this context, the authors have used some feedback linearization
techniques based on classical control theory [11]. They have studied different steady states and
robustness of regulated glycolysis and glycogenolysis. However, nonlinear dynamics of CCM
pathway both in the normal cells and the cancer cells are still to be explored from the classical
control theoretic point of view. Thus, an approach with nonlinear modeling of metabolic

PLOS ONE | DOI:10.1371/journal.pone.0137728 September 14,2015 2/26



@’PLOS ‘ ONE

Control Theoretic Models of CCM Pathway in Normal and Cancer Cells

pathway is necessary to analyze the effects of various parameters for such a pathway. Here we
have modeled metabolic pathways using the nonlinear state space modeling. Thus, the present
work deals with development of a new computational methodology, based on classical control
theory, for analyzing control mechanisms of metabolic pathways, both in normal and cancer
cells.

In our approach, the reactions are modeled by standard Michealis Menten kinetics [12]
with some modifications to incorporate feedback [13] mechanisms along with perturbations
and cross talks employed in most of the reactions. We have considered various factors in the
proposed model. They are the sources of different disturbances associated with each metabolite
and enzyme concentration. The crosstalk between various interlinked pathways, in terms of
enzyme stimulation, has a contributing factor in the responses of a whole metabolic network.
Since, the disturbances/noises/perturbations are not predefined (unpredictable) in the case of a
biological system, we have considered the perturbations as random varying signals. We have
considered only those reactions which have control points. The control points indicate the
reactions employed in regulatory activities. Here, we have developed a model mimicing the
actual dynamic behavior of mammalian CCM pathway in normal cells [12].

Since cancer cells rely on aerobic glycolysis for energy (ATP) production, we have perturbed
the enzymatic activities of both pyruvate dehydrogenase and pyruvate carboxylase by setting
values of their initial concentrations to nearly zeros. As a result, the mitochondrial oxidative
phosphorylation reduces. Furthermore, we have connected proportional-integral (PI) control-
ler(s) with the model. We have discussed about the controllers in the following section. Here,
we have tuned the PI controller(s) in such a way to produce sufficient amount of energy in the
form ATP along with nicotinamide adenine dinucleotide phosphate (reduced form)
(NADPH), D-ribose-5P and phosphoenolpyruvate (PEP), which help in forming cell building
materials (e.g., nucleotide). Thus, we have developed a model which behaves like the CCM
pathway in a mammalian cancer cell [14, 15].

Simulation results demonstrate that for cancer cells, there is a coordination among enzymes
catalyzing pentose phosphate pathway and intermediate glycolytic enzymes. In addition, the
switching of pyruvate kinase (M2 isoform) between its two oligomeric forms, i.e., active tetra-
mer and almost inactive dimer, plays an important role for cancer cells to survive under
adverse conditions, such as hypoxia. The results of the proposed model have been validated
using some previous experimental results. Unlike our proposed model, previous modeling
techniques based on flux balance analysis, metabolic control analysis and classical control the-
ory have failed to capture this kind of altered dynamics in cancer cells.

Preliminaries

Here, we are going to discuss some basic concepts on the dynamics of biochemical pathways
and classical controllers.

Dynamics of biochemical pathways

Here, we describe, in brief, dynamics of biochemical pathways in general, metabolic pathways
in particular. In most of the situations, the models of dynamic systems under consideration are
complex. There are several higher order and complicated mathematical formulations to repre-
sent these models. Yet they are unsuitable for modeling large scale systems, like metabolic path-
ways, as they are time consuming and need devices with high computational power, storage
and accuracy. Instead, we can consider simplified models that are capable of capturing the
main properties of the actual dynamic systems under study. Thus model reduction may be
adopted for handling this kind of problems. The order of a system is simply the number of

PLOS ONE | DOI:10.1371/journal.pone.0137728 September 14,2015 3/26



@’PLOS ‘ ONE

Control Theoretic Models of CCM Pathway in Normal and Cancer Cells

state variables necessary to describe the dynamics of the system. For analysis of the control
action in metabolic pathways, we are mainly interested in those reactions which have some
control mechanisms embedded in them, the reactants and/or products through which the
pathway cross talks with others. If the associated parameters are altered, it is likely to affect the
entire pathways. Here we are more concerned about the reactions employed in feedback inhibi-
tion of enzymes, and perturbations that can influence the dynamics of the pathways. We do
not analyze all the reactions that are present in the pathways because the dynamics of a path-
way is guided by some key reactions along with substrates, products, hormones and corre-
sponding catalyzing enzymes that are employed in regulatory mechanisms.

Michaelis Menten kinetics expresses the relationship between substrates and enzymatic
interactions of a metabolic pathway at a particular instant. Moreover, the equation based on
Michaelis Menten kinetics describes the rate of enzymatic reactions. It relates an initial reaction
rate V'to [X], the concentration of a substrate X. The equation is given by

Via - [X] _ K- [E] - [X]

V:K::uii- X~ K, +[X] (1)

Here, Viax (= K - [E]) represents the maximum rate achieved by the reaction at maximum
(saturating) substrate concentrations. [E] is the total enzyme concentration, i.e., the sum of the
free and substrate-bound enzyme concentrations. Michaelis constant K,,, is the substrate con-
centration at which the reaction rate is half of V};,.x. A small value of K, indicates high affinity
depicting that the rate of the reaction will approach more quickly to V,,,,,, at saturating sub-
strate concentrations [12]. The value of K,,, depends on concentrations of both the enzyme E
and the substrate X, as well as conditions such as temperature and pH. The term K is the turn-
over number/reaction rate constant which represents maximum number of substrate mole-
cules converted to product molecules per enzyme molecule per second. The values of the
kinetic constants K,,, and K used in the proposed model vary with respect to enzymes and phys-
iological conditions. The values of K,,, and K lie between 10”7 M and 10™' M, and 1 5" and 10°
s~! respectively, for the majority of enzymes [16, 17]. The values of K, and initial concentra-
tions of major metabolites for CCM pathway in human erythrocytes with appropriate scaling
[17] can be found in Tables 1 and 2.

Nonlinear complex systems, especially multivariate systems (e.g., metabolic pathways), can
be handled using state space model in a more convenient way. For a nonlinear system, the state
space model is represented by

x =f(x,u) (2)
and
y = h(X7 u)7 (3)

where fand h are nonlinear functions of state x and control input u. Here x represents time (f)
derivative of x and y represents output of the system.

Let us consider a metabolic pathway comprising m metabolites and # reactions. The meta-
bolic pathway can be represented by [3]

dx
—=N-v 4
I (4)
Eq (4) represents a set of nonlinear differential equations that form the kinetic model for a
(metabolic) network of coupled chemical reactions and transport processes, where N is the
stoichiometric matrix of order m x n [18, 19]. The flux vector v(x, z) € R” (R being the set of
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Table 1. Reaction rate constants of major enzymes for the CCM pathway in human erythrocytes [17].

Enzyme Value of K
Hexokinase 9.96 x 10" h™"
Glucose 6-phosphate isomerase 9.56 x 103 h~!
Phosphofructokinase1 (PFK1) 5.81x10°h7"
Aldolase 1.03 x 10°h~"
Triosephosphate isomerase 7.30 x 10* h~"
Glyceraldehyde phosphate isomerase 9.06 x 10> h~"
Phosphoglycerate kinase 6.68 x 10"
Diphosphoglycerate mutase 3.44 x 103 h~!
Diphosphoglycerate phosphatase 26x10°h~"
Phosphoglycerate mutase 3.90x 10°h~"
Enolase 7.95 x 10* h~!
Pyruvate kinase 2.69 x 102 7!
Lactate dehydrogenase 1.02x 10" A"
Adenylate kinase 7.50 x 103 h~!
ATPase 3.56x 107 A"
Glutathione oxidation 3.00x 1072 h~"
Glutathione reductase 753 x 103 h7!
Glucose 6-phosphate dehydrogenase 3.88x10°h7"
6-phosphogluconate dehydrogenase 2.86 x 103 h~!
Ribose phosphate epimerase 3.77 x10* ™"
Ribose phosphate isomerase 251x10%h~"
Phosphorybosylpyrophosphate synthetase 8.71 x 10* ™!
Transketolase1 1.68 x 10° ™"
Transaldolase 1.2x 10" !
Transketolase2 6.01x 10" h~*

doi:10.1371/journal.pone.0137728.1001

real numbers) is a function of both metabolite concentration vector x € R™ and reaction
parameters z € R". The term z signifies the relevant kinetic parameters such as enzyme concen-
trations and catalytic efficiencies.

Classical controllers

We have already mentioned that cancer cells alter the normal dynamics of the CCM pathway.
Consequently, we have put our proposed model into such a situation that it mimics exactly the
abnormal behaviour of the CCM pathway in cancer cells. In this scenario, we have used PI con-
trollers. Here, we have introduced the concepts of controllers before going to further details of
our methodology.

Proportional-Integral-Derivative (PID) controller is a standard controller in control system.
It consists of three components, i.e., P (proportional), I (integral) and D (derivative). The pro-
portional component generates a signal proportional to the error signal, while the integral
component creates a signal proportional to the area under the error curve. Besides, derivative
component is responsible for an output control signal proportional to the rate of change of the
error signal. The error signal is the deviation of the actual output generated by a plant/system
from the desired output/reference input. Fig 1 illustrates how a PID controller works in a closed
loop control system. The term &(t) represents the error signal in time domain ¢, i.e., the
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Table 2. Initial concentrations of major metabolites for CCM pathway in human erythrocytes [17].

Metabolite Value

a-D glucose 6P 0.0385 mM
B-D fructose 6P 0.0157 mM
B-D fructose 1, 6P» 0.007 mM
D-Glyceraldehyde 3P 0.0057 mM
Glycerone P 0.14 mM
Glycerate 1, 3P, 0.0005 mM
Glycerate 3P 0.0685 mM
Glycerate 2P 0.01 mM
Phosphoenolpyruvate (PEP) 0.017 mM
6-phosphogluconate 0.0049 mM
Ribulose 5-phosphate 0.016 mM
Xylulose 5-phosphate 0.016 mM
D-ribose-5P 0.018 mM
Sedoheptulose 7-phosphate 0.0199 mM
Erythrose 4-phosphate 0.0076 mM
nicotinamide adenine dinucleotide phosphate (NADP) 0.0014 mM
ATP 1.83 mM
adenosine monophosphate (AMP) 0.037 mM

doi:10.1371/journal.pone.0137728.t002

&(t) P (t)

PID controller

Plant/System
reference

Fig 1. Block diagram of closed loop control system. It illustrates the role of PID controller to drive a certain
output in accordance with corresponding reference input.

doi:10.1371/journal.pone.0137728.g001

difference between the reference input signal and the actual output y. &(¢) acts as the input to
the PID controller. Here, the PID controller computes both the derivative and the integral of &
(). The output y(t) (control signal) of a PID controller is governed by the following time-
domain () equation,

W(t) :Kp‘é(t)+1<,-m~/€(f> 'dt“@'%ﬂ )

Here K,, K;,,; and K are the proportional, integral and derivative gains respectively. The con-
trol signal y(#) is applied to the plant to generate updated output. This process continues till
the error signal &(¢) will become very close to zero.

The derivative component of a PID controller only predicts the future errors based on linear
extrapolation. In other words, it is used to predict the error curve by considering the rates of
changes in various factors under consideration. Subsequently, PID controller performs well
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without considering the derivative control mode (K; = 0). Here, it can be termed as PI control-
ler. Similarly, P controller considers K;,; = K; = 0, while PD controller considers K;,,; = 0 only.

The majority of closed loop control systems in industry have been modeled using only the
proportional and integral control modes. Proportional mode helps a closed loop control system
in getting an immediate response to an error. Besides, the integral mode eliminates the long
term error. Hence, derivative mode is not needed. In this scenario, existing literature does not
provide any clue of such an instance where the control/regulatory mechanism occurs due to
the rate of change in a metabolite rather it depends on the amount of the metabolite accumu-
lated in a cell. Thus, it is enough to use a PI controller to model altered characteristics of CCM
pathway in cancer cells.

Method

In our model, each pathway is characterized by the following four parameters (pathway vari-
ables). We have used the same notations in the entire manuscript to denote the pathway
variables.

1. Z(C R): Set of concentrations of input metabolites, hormones and perturbations, such that
eiI € 7, V;, influence a metabolic pathway. Moreover, Z; C Z and Z; C Z such that Z; N
Z4s=DandZ,UZ,; =1 HereZ;and 7, are respectively the sets of concentrations of essen-
tial metabolites/hormones uptake and undesired metabolites creating disturbances/pertur-
bations for the metabolic pathway.

2. D (C R): Set of desired/reference concentrations/fluxes, such that el.D € 7, V;, represent
desired concentrations of products (metabolites) and fluxes of reactions as per need of the
cell.

3. O(C R): Set of actual/resultant concentration/flux outputs, such that e” € T, V,, represent
actual/resultant concentrations of products (metabolites) and fluxes of reactions.

4. £(C R): Set of concentrations of enzymes, such that eig € 7, V,, represent concentrations of
different enzymes catalyzing the reactions of the metabolic pathway.

According to our model, a PI controller applied to a metabolic pathway tries to minimize
the error function 9,(), V e” and V e” in the time domain ¢, varying £ and Z. The term 9,(), V;
is defined as

9,(t) =| elp_e? |,V (6)

Here we have set the reference inputs (concentrations/fluxes) for certain metabolites/reac-
tions in [0, 1] assuming them as needs of cancer cells. Each of them is considered as e”. Each of
actual outputs (concentrations/fluxes) for these metabolites/reactions generated by the model
is represented by e®.

We have modeled each of the CCM pathway reactions in an individual module (Fig 2).
Each of these modules represents a state (metabolite) variable feeding resultant state to the
next module. They are connected sequentially to simulate the actual dynamics of the CCM
pathway in normal cells. Thereafter, perturbing the normal model along with tuning of PI con-
troller(s), we have tried to meet certain needs (e.g., energy demand) of cancer cells. In this pro-
cess, the error input 9(¢) is applied to the PI controller(s). Besides, the outputs of the PI
controller(s) affect concentrations of different input metabolites e’ and enzymes e/, which are
responsible to meet the desired demands of the mutated cells. For example, if the mutated cells
need a large amount of pyruvate concentration, the cells may try to enhance the enzymatic

PLOS ONE | DOI:10.1371/journal.pone.0137728 September 14,2015 7/26



el e
@ : PLOS | ONE Control Theoretic Models of CCM Pathway in Normal and Cancer Cells

Pl controller(s) » o

c(t)|
State ' [ state | [ state

Parameters Modulel e | Module2 | ==p ... =) Module m
Eand T ' ' )

Metabolic Pathway

Fig 2. Block diagram illustrating the entire methodology. Here, metabolic pathway module (collection of the state modules) represents the normal model
for CCM pathway. PI controller module drives the normal model to behave like the altered CCM pathway in cancer cells.

doi:10.1371/journal.pone.0137728.9002

activities of phosphofructokinasel (PFK1) and pyruvate kinase. Moreover, in this approach, it
needs the coordination among different PI controllers based on the relative importance of the
different requirements of the mutated cells.

Let us assume that the output c(t) in the time-domain ¢ of a PI controller is driven by the
error function 9(¢). Thus, ¢(t) is governed by the following equation.

() =K, 8(t) + K, - / 5(¢) - dt 7)

Here K, and Kj,, are the proportional and integral gains respectively. Eq (7) is just another
form of Eq (5) considering K; = 0. The term c(¢) is responsible to alter appropriate parameters
(¢! or €f) for the purpose of generating energy and cell building materials in cancer cells.

Thus, the proposed methodology has two major parts. One describes techniques to develop
the actual dynamics of the CCM pathway in normal cells. The other deals with mimicing
altered dynamics of the CCM pathway in cancer cells.

Model for the CCM pathway in normal cells

Some basic steps are followed to develop the model for CCM pathways in normal cells. They
are discussed here with appropriate examples.

Order reduction. Let us consider that a hypothetical pathway consists of four metabolites
A, B, Cand D involved in three reactions with fluxes V3, V, and V3 as given in Fig 3(a). The
enzyme catalyzing the reaction A — B is inhibited by the accumulated metabolite D. It can be
assumed that metabolite D is formed directly from B in a single reaction, if C, being produced
by B — C, is fully consumed by C — D (Fig 3(b)). This reduction is quite valid since there is no
control mechanism employed in the reaction B — C, and C does not cross talk with other path-
ways. This assumption has been verified, in Fig 3(c), by simulating these two pathways, i.e,
original pathway and reduced one using COPASI software [20]. The details of the simulation
and the instances of different parameters for these two pathway models can be found in S1
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Fig 3. Order reduction. It represents (a) the original pathway, (b) the reduced pathway and (c) the variation of concentration of D with respect to time t for
both of the original and reduced pathways.

doi:10.1371/journal.pone.0137728.9003

Table. Although there is some amount of changes in the steady state values, Fig 3(c) depicts
similar behavior of the original and the reduced pathways.

It is true that this kind of reduction introduces some amount of differences in the values of
metabolite concentrations/reaction fluxes at steady state but the pattern of responses remains
unaltered. However, the main motivation behind the use of such reduction technique is to
reduce computational complexity. Moreover, the existing database (KEGG) includes several
small steps for a reaction. For example, in the case of the reaction pyruvate — acetyl-CoA,
there are three intermediate steps catalyzed by the same enzyme pyruvate dehydrogenase.
They can easily be treated as a single reaction without affecting the nature of dynamic
responses of the system (CCM pathway in normal cells) except introducing some amount of
differences in the values of metabolite concentrations/reaction fluxes at steady state. Since, our
main objective is to explore the relative effect of different key metabolites, enzymes and pertur-
bations in a metabolic network, these differences may be neglected. They do not affect the
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doi:10.1371/journal.pone.0137728.9004

pattern of the dynamic responses of the metabolic pathway. Besides, the system remains stable
despite this reduction.

We have applied the order reduction technique to reduce the order of CCM pathway
(Fig 4). In this fashion, we have reduced the original CCM pathway (47 reactions in KEGG
database as depicted in S2 Table) of human erythrocytes to the one with 28 reactions (S3
Table) involved in key regulatory activities. Although our proposed methodology can directly
be applied to all the 47 reactions, it may not be necessary to consider all of them. The model
with 28 reactions is capable enough to capture the original pattern of dynamic responses of
CCM pathway. S1 Fig compares two models of the pathways consisting of 47 reactions and 28
reactions to show similar pattern of dynamic responses with variation of glucose and pyruvate
kinase for both the cases. Here, we have considered all the reactions as irreversible. In other
words, we have treated reversible reactions as combination of two irreversible reactions.

Stoichiometric matrix. Let us consider a simple hypothetical metabolic pathway with
feedback inhibition as depicted in Fig 5. This pathway has three metabolites, i.e., X;, X, and X,
along with 3 reactions (X; — X,, X, — X5 and X5 consumption reaction) catalyzed by the
enzymes Ej, E, and E; respectively. The initial fluxes of the three reactions are V;, V, and V;
respectively. Besides, the metabolite X; is supplied by a separate reaction I — X catalyzed by
an enzyme E,. The reaction flux V; is inhibited by the accumulation of X;. Subsequently, there
is a perturbation X,; which activates/inhibits the flux V;. The stoichiometric matrix of the hypo-
thetical pathway is given by

-1 0 0
Nhypathetical = 1 -1 0 . (8)
0 1 -1

Similarly, we have defined the stoichiometric matrix N¢cas for CCM pathway.
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Fig 5. Example. Here, it is a hypothetical biochemical pathway.

doi:10.1371/journal.pone.0137728.9005

Modifying Michaelis Menten kinetic equation. As defined in Eq (1), the rate of the first
reaction (X; — X, in Fig 5), being inhibited, is modified to incorporate feedback inhibition
[13] and other different disturbances/perturbations. If X; is consumed in a reaction with turn-
over number/rate constant K; and Michaelis constant K,,, , which is inhibited by a substrate X3,
then initial reaction rate is modified as

K -[E]-[X)]
(K, + X))+ F - [X;])

V= (9)

Suppose if X5 accelerates the reaction that consumes X;. Then the modified Michaelis-Menten
kinetics becomes
(K, - [E)] - XD+ F-[X])

v, = s . (10)

Here we have ignored the perturbation X,; which has been considered in Eq (13). The term
F (feedback constant) determines the relative inhibition (Eq (9)) or activation strength (Eq
(10)) of a metabolite/hormone. Higher the value of F, stronger is the inhibition or activation
effect. We have initialized F values for different reactions with random numbers in [0, 1]. We
have illustrated the significance of the feedback constant F with an example of the hypothetical
metabolic pathway (Fig 5) in the following section.

State vector and output vector. Eq (4) can directly be mapped to the nonlinear state space
Eqs (2) and (3). The resultant nonlinear state space representation of a metabolic pathway can
be represented by

x=N-v (11)
and
y=v (12)

where x represents rates of changes of the concentrations of metabolites with respect to time,
and y represents resultant flux vector of the reactions participating in the metabolic pathway.
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Simulink model. As depicted in Fig 5, let the flux vector be v = [v; v, 3] T and metabolite
concentration vector be x = [x; x, x3] 7, while I is the input substrate. The term x, is a perturba-
tion which either inhibits the reaction/enzyme or activates it. Each reaction flux of v, v, and v;
is modeled using modified Michaelis-Menten kinetic equation (Eqs (9) and (10)).

(13)

v, =

_ K- [E,] - [x,]
v, K, + ] (14)
and
_ K3 ) [Es] i [xzs]
vy = 7Km3 ey (15)

Here K, K, and Kj are the turnover number/rate constant corresponding to these three reac-
tions. The terms K,,, , K,,,, and K,,,, are Michaelis constants. The metabolite x, is generated from
the input I by a separate reaction catalyzed by an enzyme E, having a turnover number K, and
Michaelis constant Ky, .

Here we include a new term 5 in Eq (13) to incorporate feedback inhibition and

various disturbances/perturbations. It indicates that the reaction flux v, decreases in propor-
tion to the accumulation of x; due to feedback inhibition mechanism on the enzyme E,, and
perturbation x,; (‘+ indicates that x,; inhibits the reaction and ‘- indicates it activates the flux
v1). F1 and F, represent the relative inhibition or activation strength of x; and x, respectively,
on the enzyme E;. The values of feedback constants F; and F, are chosen randomly in [0, 1].
Similarly, we have defined each reaction flux for both of the original (47 reactions) and reduced
(28 reactions) CCM pathway as depicted in S4 and S5 Tables respectively.

Different choices of F; and F, values just shift the steady state values of different metabolites
(states) and reaction fluxes (outputs), as depicted in S2 and S3 Figs. Here we have considered
that x, inhibits the reaction flux v,. Moreover, we have taken fixed values (0.1) of F, and F, (S2
and S3 Figs). Subsequently, F; and F, have been varied in [0, 1] as shown in S2 and S3 Figs
respectively. Consequently, in the case of S2 Fig, it can be noticed that as long as the value of F;
remains at 0.05, the steady state values of x1, x, x3, v;, v, and v are 0.058, 0.2059, 0.1922,
0.2604, 0.2603 and 0.2604 respectively. When F, value increases, reaction flux values of vy, v,
v3 decrease due to strong inhibition activity of x; on the enzyme E;. As a result, the production
of x, and x5 decreases. However, the concentration of x; increases due to continuous supply of
x; from the input I by a separate reaction as mentioned earlier. In this fashion, x; is accumu-
lated because of its less consumption through the reaction v;. When F; value remains at 0.97,
X2, X3, V1, v, and v reach the steady state with values 0.1924, 0.1794, 0.2529, 0.2530 and 0.2530
respectively. Again, on decreasing F; value, the reverse phenomenon can be observed. Similar
behaviour can be seen in S3 Fig for fixed F, at 0.1 and varying F,. Thus, it can be concluded
from these studies that values of feedback constants (F;, and F,) do not affect the pattern of the
dynamic responses of a biological system (metabolic pathway). Different choices of feedback
constant values only change (increase/decrease) the steady state values. Moreover, the
responses of the system always reach the steady states. The results never show any oscillating
or exponential nature. Thus, the proposed model is quite robust with respect to the choice of
feedback constant value.
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Finally, the state space model is obtained by using Eqs (8), (11) and (12), and is given by

X -1 0 0 v
Ll=[1 =1 0/ |w (16)
X, 0 1 -1 Vy
and
vl
Y= 1" (17)
Vs

Thus we have got the time (¢) derivative of state vector ([x, %, ¥,]"), i.e., concentrations of
metabolites employed in the hypothetical pathway, and the output y, i.e., the flux of the reac-
tions in the pathway using the aforesaid methodology. This is done by solving Eqs (16) and
(17) using matlab code.

We have modeled the hypothetical pathway using the control system tool box in the plat-
form of simulink of matlab. We have put the time (¢) derivative of state vector and output vec-
tor in the appropriate function blocks (Fig 6a and 6b) of the model. Fig 7 depicts the outer
layer of the proposed model (the hypothetical metabolic pathway in Fig 5). There are several
layers of subsystems inside it. Fig 6(a) shows an inner most layer/module of the model, i.e.,
nothing but a state space model, which determines a state (concentration of a metabolite (here
itis x, of the hypothetical metabolic pathway in Fig 5)) of the pathway. Besides, there is another

M
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v
|-
b4

V3
Fen
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999997

(a)
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(b)

Fig 6. Simulink model (inner layer). It depicts (a) the inner most layer of the proposed model determines a state (x,) of the hypothetical metabolic pathway
in Fig 5 and (b) the inner most layer of the proposed model determines a output (v3) of the hypothetical metabolic pathway in Fig 5.

doi:10.1371/journal.pone.0137728.9006
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Fig 7. Simulink model (outer layer). It is the outer layer of the proposed model for the hypothetical metabolic pathway in Fig 5.

doi:10.1371/journal.pone.0137728.g007

kind of inner most layer of the model to determine an output (here it is v; for the hypothetical
metabolic pathway in Fig 5) of the pathway as shown in Fig 6(b).

The subsystem block, named hypothetical pathway (Fig 7), represents the metabolic path-
way, which generates output e” on application of different inputs e/ and e’. The input is
applied to the metabolic pathway using either step input block/signal builder block or signal
generated by the controller subsystem block. Mux block (Fig 6a and 6b) is used in the inner
most layer to combine inputs/parameters, considered as scaler or vector signal of the same
numeric data type, of the pathway into a single output vector. On the other hand, the integrator
block generates the value of the integral of its input signal with respect to time. The scope block
displays signal(s)/output(s) generated by metabolic pathway with respect to simulation time.

We have developed the model that mimics the actual dynamics of CCM pathway in the nor-
mal cells by applying the aforesaid methodology. The different steps are summarized below:

« Develop the stoichiometric matrix (Nccy,) for the reactions depicted in S3 Table.

« Define reaction fluxes of the CCM pathway with modified Michaelis-Menten kinetic equa-
tions as depicted in S5 Table.
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Use Eqs (11) and (12) for the CCM pathway, and run the matlab code to generate the time
(t) derivative of state (metabolite) and output (reaction flux) vectors for the CCM pathway.

For the state vector:

- Develop subsystems for each of the states (metabolites) belonging to the CCM pathway
using simulink platform of matlab. Each subsystem consists of the components as shown
in Fig 6(a).

— Put the expression for the time (#) derivative of state (metabolite) into the function (Fcn)
block of individual subsystem.

- Replace the variables in the expression by u(1), u(2), u(3), . ..

— Set the number of inputs (same as the number of variables in the expression of time (#)
derivative of state) for the mux block.

— Connect correct inputs to mux block and all the components of the subsystem
accordingly.

- Connect the correct output representing the state (metabolite) to the integrator block.

— Finally, connect all such subsystems to build a super subsystem representing the state
(metabolite) vector.

Follow the above steps to build a super subsystem (each subsystem being similar to Fig 6(b))
representing the output (reaction flux) vector.

Connect state vector system and output vector system to develop the proposed model similar
to Fig 7, excluding the controller subsystem.

Supply initial input values for ¢, eZ, kinetic parameters (rate constants and Michaelis Men-
ten constants) and feedback constants (Fy, F,, F;, . . .). Choose initial input values for eig in
[0, 1]. (A value nearly equal to zero indicates that the gene coding for the respective enzyme
has low expression value. On the other hand, the high expression of the gene corresponds to
the value being nearly equal to 1.).

Vary the input values one by one (keeping others at constant values) by step input block/sig-
nal builder block. Connect scope block to the varying input to track it.

Connect scope blocks to each output state (metabolite) and reaction flux to track the changes
in responses of the CCM pathway.

Configure the simulation parameters as described in S6 Table. Run the simulation. Normal-
ize the outputs in [0, 1]. Analyze the results in response to each perturbation (as shown in
Figs 8 and 9) and validate.

Model of the CCM pathway mimicing the altered dynamics in cancer cells

Here we have perturbed the normal model and connect PI controllers with it. Thereafter, we
have tuned PI controller to mimic the altered dynamics of mammalian CCM pathway in can-
cer cells. The basic steps to develop the CCM cancer model from normal CCM model are as
follows.

Perturbing the normal model. Let ¢ and €] be the concentration of enzymes pyruvate

dehydrogenase and pyruvate carboxylase respectively. We have set e and ef to nearly 0 so that
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Fig 8. Responses to glucose. It shows the dynamics of CCM pathway in normal cells with respect to glucose.

doi:10.1371/journal.pone.0137728.9008

the reactions pyruvate — acetyl-coA (reaction number (8) in S3 Table) and pyruvate — oxalo-
acetate (reaction number (9) in S3 Table) get slowed down. Thus, the proposed model reduces
mitochondrial oxidative phosphorylation as in the case of cancer cells.

Connecting PI controller(s) and tuning it. As cancer cells show high proliferation, they
need sufficient amount of energy in the form of ATP to survive. Therefore, we have connected
two PI controllers to the model (as similar as shown in Fig 7) that produces sufficient amount of
ATP and cell building materials, i.e., D-ribose-5P or PEP. Let e?, e}?’ and e represent reference/

desired concentrations of ATP, D-ribose-5P and PEP respectively. Subsequently, let ¢, e’ and
e be the resultant/actual concentrations of ATP, D-ribose-5P and PEP respectively. One of the

two PI controllers try to minimize | e — e’ | while the other tries to minimize | e — e’ | or

| e? — e |. However, we have stabilized the model experimentally to mimic the altered dynamics
of CCM pathway in cancer cells. Thus, we have considered two cases as follows.

« Case 1: Here, we have taken PEP as the main source of cell building material. We have tried
to increase PEP monotonically by connecting ramp input reference to the first PI controller.
Subsequently, actual output concentration of PEP has been supplied to PI controller. Now,
the first PI controller will generate control signals (following the Eq (7)) according to the
error function (Eq (6)). The control signals has been connected to the required inputs
(responsible for PEP production/consumption) of the proposed normal model of CCM path-
way to increase/decrease the PEP production. Similarly, another PI controller is used to con-
trol ATP production so that sufficient amount of energy can be supplied for the survival of
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Fig 9. Responses to other perturbations. It captures the dynamics of CCM pathway in normal cells with respect to (a) isocitrate dehydrogenase, (b)
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doi:10.1371/journal.pone.0137728.9009
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cancer cell. In this scenario, we have run the simulation to generate the altered dynamics of
CCM pathway as shown in Fig 10.

« Case 2: Here, we have followed the same approach as in case 1, except D-ribose-5P has been
considered as the main source of cell building material. The simulation result can be found in
Fig 11.

Results and Discussions

Here we have discussed the behaviour of CCM pathway in normal cells first. Subsequently, we
have explored the key enzyme regulations for mammalian CCM pathway in cancer cells.

Model of normal CCM pathway

We have validated the model of CCM pathway in normal cells using existing literatures [5, 12,
21, 22]. We have varied the concentration of every possible key metabolites with perturbations/
hormones (ef) and enzymes (ef) to observe how it affects the dynamics of CCM pathway in
normal cells. However, we have included a few results here to restrict the size of article.
Variation of glucose. Glucose is broken down into a-D-glucose-6P with the consumption
of ATP in the earlier phase of glycolysis. Here we have varied concentrations of glucose in an
ad hoc manner. We have noticed that due to decrease in glucose level, ATP production rate
increases, and vice versa (Fig 8). The reason behind this phenomenon is that due to decrease in
glucose level, ATP consumption rate decreases in the earlier phase of glycolysis but in the later
phase ATP production does not get affected. However, the production rate of pyruvate changes
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Fig 11. Experiment 2. It depicts (a) the reference inputs for D-ribose-5P and ATP along with the outputs for
PEP, ADP, D-ribose-5P, ATP and hexokinase, (b) the flux of pyruvate — lactate, glucose uptake and lactate
formation along with the switching of pyruvate kinase in [0, 1] and (c) the regulation of transaldolase/
transketolase, fluxes of fructose 6P — fructose 1, 6P, and fructose 1, 6P, — PEP as well as accumulation of
fructose 2, 6P». It also shows the fluctuation of the flux of PEP — pyruvate in accordance with fluctuating
pyruvate kinase regulation.

doi:10.1371/journal.pone.0137728.g011

according to glucose level in the cell (Fig 8). In the case of PEP, the scenario is different. The
reaction PEP — pyruvate, i.e., the enzyme pyruvate kinase, is inhibited by ATP [12]. When
ATP production rate increases, the reaction PEP — pyruvate slows down. That is why concen-
tration of PEP increases with decrease in glucose level, and vice versa (Fig 8).

Here we have included the reaction pyruvate — lactate which is used in propanoate metabo-
lism. Nicotinamide adenine dinucleotide (reduced form) (NADH) is consumed in this reac-
tion. As pyruvate and lactate formation rates decrease with the decrease in glucose level,
consumption of NADH is low. Thus the rate of formation of NADH increases with decrease in
glucose level (Fig 8). Again NADH is the main inhibitor of citrate consumption reactions in
TCA cycle [12]. Here we have noticed increase in citrate production rate due to excess NADH
(Fig 8). D-ribose-5P is produced in pentose phosphate pathway. The switching between pen-
tose phosphate pathway and glycolysis depends on the concentration of reduced NADPH. If
the concentration of reduced NADPH is low, then pentose phosphate pathway is activated
[12]. Here we have considered reduced NADPH of constant concentration. Thus, due to varia-
tion in glucose level, concentration of D-ribose-5P varies in similar manner as of glucose
(Fig 8).

Variation of isocitrate dehydrogenase. Isocitrate dehydrogenase enzyme is responsible
for transformation of isocitrate to a-ketoglutarate. Isocitrate is produced from citrate in a
reversible reaction. a-ketoglutarate is further transformed into succinyl-CoA. NADH acts only
as inhibitor of these entire activities [12]. On the other hand, calcium and adenosine diphos-
phate (ADP) accelerate the same [12]. It is clear from literature [12] that citrate is an inhibitor
of PFK1 that activates the reaction -D-fructose-6P — S-D-fructose 1, 6P,. ATP is again con-
sumed in this reaction. Now we have varied concentration of the isocitrate dehydrogenase.
When the concentration of the enzyme decreases, overall reaction flux of citrate — ... — suc-
cinyl-CoA also decreases. As a result, citrate is accumulated in cells. Citrate inhibits the reac-
tion -D-fructose-6P — B-D-fructose 1, 6P, [12]. Fig 9(a) depicts the change of flux for the
reaction -D-fructose-6P — f-D-fructose 1, 6P, with respect to the isocitrate dehydrogenase.

Variation of hexokinase. Hexokinase is responsible for breaking down of glucose into a-
D-glucose-6P consuming ATP. Now, if we vary concentration of hexokinase in an ad hoc man-
ner, we can see the change of concentrations of ATP and pyruvate accordingly. At that point,
where the concentration of hexokinase decreases sharply, ATP production rate suddenly grows
up due to less ATP consumption in the reaction for breaking down glucose. However, excess
amount of ATP itself inhibits the ATP production reactions [12]. As a result, the production
rate of ATP slows down sharply to reach steady state (Fig 9(b)). Reverse phenomenon can be
seen when concentration of hexokinase increases sharply. Pyruvate shows opposite scenario
when concentration of hexokinase decreases sharply because of inhibitory activity of excess
ATP (Fig 9(b)). However, concentration of pyruvate increases sharply in accordance with
increase in hexokinase due to energy demand (Fig 9(b)).

PLOS ONE | DOI:10.1371/journal.pone.0137728 September 14,2015 20/26



@’PLOS ‘ ONE

Control Theoretic Models of CCM Pathway in Normal and Cancer Cells

Variation of pyruvate kinase. Pyruvate kinase is a key enzyme for ATP production as
well as in PEP to pyruvate conversion. ATP concentration changes according to increase and
decrease of pyruvate kinase (Fig 9(c)).

Variation of insulin. Insulin plays an important role in glucose breakdown. It accelerates
the activities of hexokinase and phosphofructokinase 2 (PFK2) enzymes catalyzing the reac-
tions glucose — a-D-glucose-6P and B-D-fructose-6P — S-D-fructose 2, 6P, respectively [12].
Again, B-D-fructose 2, 6P, accelerates the conversion of f-D-fructose-6P into -D-fructose 1,
6P, with the help of the enzyme PFK1 [12]. ATP is consumed in both the reactions glucose —
a-D-glucose-6P and f-D-fructose-6P — f-D-fructose 1, 6P,. In this case, if insulin concentra-
tion falls sharply, we see sudden spike in ATP concentration due to the aforesaid reasons (Fig 9
(d)). Afterwards, ATP shows opposite scenario in accordance with sharp increase in insulin
due to the same reason (Fig 9(d)).

Cancer model

Here we have analyzed the altered dynamics of CCM pathway in cancer cells with the help of
two experimental simulations, viz., Experiment 1 and Experiment 2. In this fashion, we have
tried to explore how cancer cells increase their proliferation rate and manage the energy crisis
in spite of reduced oxidative phosphorylation.

Experiment 1. An earlier experiment [23] demonstrates that PEP plays a crucial role in
the phosphorylation of the glycolytic enzyme phosphoglycerate mutase (PGAM1). Again,
PGAMI1 may provide an alternate glycolytic pathway that accelerates the production of ATP. It
also allows high glycolytic flux to meet the anabolic metabolism of many proliferating cells.
Keeping this scenario of cancer cells in mind, here we have tried to control the concentration
of PEP and ATP using two PI controllers. In this fashion, we have tried to meet two major con-
ditions of cancer cells. One will meet high cell proliferation rate. On the other hand, second
one will try to supply sufficient amount of ATP in energy crisis in spite of reduced oxidative
phosphorylation. In this scenario, PI controllers try to increase energy production phase of
glycolysis.

Fig 10 illustrates the simulation results of Experiment 1. Here we can see that the output
ATP production rate meets the reference ATP input applied to the PI controller. Therefore,
ADP shows opposite behavior of ATP. Pyruvate kinase shows variation between low and high
values in [0, 1]. Low value indicates low active pyruvate kinase. On the other hand, high value
indicates its high activity. We have found from literature that pyruvate kinase has two isoform,
i.e., M1 and M2 [24, 25]. Among these two isoform, M2 (PKM2) is dominant in cancer cells
[24-27]. Again, PKM2 is allosterically regulated between its two oligomeric forms, i.e., a less
active dimer and more active tetramer, in tumor cells [28-32]. Thus, Fig 10 depicts similar reg-
ulation of pyruvate kinase. However, output concentration of PEP does not meet the reference
PEP input applied to PI controller. Here, less active pyruvate kinase produces less pyruvate. It
enables accumulation of upstream glycolytic metabolites. They help in shifting metabolic fluxes
towards pentose phosphate pathway.

Thus, it is possible to produce sufficient amount of D-ribose-5P and reduced NADPH.
They help in synthesizing amino acids, nucleotides and lipids (cell building materials) in high
proliferating cancer cells [2, 32]. Therefore, the metabolic fluxes through pentose phosphate
pathway may perform a major role to maintain altered dynamics of CCM pathway in cancer
cells. Furthermore, Experiment 2 has tried to establish the above mentioned hypothesis.

Experiment 2. We consider the same approaches in Experiment 2 to control the concen-
trations of D-ribose-5P and ATP. Fig 11 demonstrates the results of Experiment 2. D-ribose-
5P meets the ramp reference input of itself (Fig 11(a)). Besides, PEP is accumulated in cells (Fig
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11(a)). ATP production satisfies its reference input (Fig 11(a)). Subsequently, ADP shows
opposite scenario as of ATP (Fig 11(a)). Again, hexokinase is over expressed (Fig 11(a)). Fig 11
(b) illustrates increase in glucose uptake and lactate production in cancer cells. Besides, flux of
the reaction from pyruvate to lactate and concentration of pyruvate kinase are fluctuating
between a high and low value in [0, 1]. In this scenario, transaldolase/transketolase shows
opposite fluctuation as of pyruvate kinase (Fig 11(c)). Consequently, flux of the reaction from
B-D-fructose-6P to S-D-fructose-1, 6P, fluctuates in accordance with transaldolase/transketo-
lase (Fig 11(c)). Higher production rate of S-D-fructose-2, 6P, (Fig 11(c)) helps to catalyze the
reaction -D-fructose-6P — S-D-fructose-1, 6P,. Thus, flux of the reaction S-D-fructose-1, 6P,
— PEP increases rapidly (Fig 11(c)). Subsequently, flux of the reaction from PEP to pyruvate,
i.e., ATP formation is fluctuating in accordance with pyruvate kinase (Fig 11(c)).

There are different growth factors in cells that prevent uncontrolled proliferation by limiting
unnecessary nutrient uptake. High proliferation of cancer cells overcomes these growth factors
by altering different signaling pathways [2]. As a result, glucose uptake increases with over
expression of hexokinase [15]. It validates our simulation result. This experiment allows cancer
cells to satisfy two major scenarios—one forming cell building materials, other producing suffi-
cient energy. Here ramp output of D-ribose-5P helps in forming nucleotides of cancer cells.
PEP accumulation accelerates anabolic metabolism of high proliferating cells with the help of
PGAMI. Besides, ATP is formed as per need of the cancer cells during energy crisis.

Previous investigations [24-32] have found that dominant PKM2 is expressed in its more
active oligomeric form tetramer when energy is needed. Afterwards, tetramer is transformed into
less active dimer when cell building materials are formed. Pentose phosphate pathway is the
major supplier of cell building materials. Our simulation result shows similar kind of fluctuation
for pyruvate kinase. Another interesting fluctuation is shown by transaldolase/transketolase.
When activity of pyruvate kinase slows down, transaldolase/transketolase accelerates the conver-
sion of D-ribose-5P to intermediate glycolytic metabolites. Consequently, these accumulated
intermediate glycolytic metabolites are converted back to a-D-glucose-6P. Activity of glucose-
6-phosphate dehydrogenase converts a-D-glucose-6P into intermediate metabolites of pentose
phosphate pathway. In this fashion, fluxes of the reactions through pentose phosphate pathway
increase to form more D-ribose-5P. Similar kind of results can be found in [1, 2].

Again, in case of tetramer expression of PKM2, these accumulated glycolytic materials (i.e.,
PEP) accelerate the energy forming phase of glycolysis. We have already discussed that PEP
helps in the phosphorylation of PGAMI. It accelerates ATP formation by an alternate glyco-
lytic pathway [23]. Warburg has demonstrated the fermentation of glucose to produce lactate
in cancer cells [2, 32]. This finding validates the overproduction of lactate shown by our simu-
lation result. Moreover, it has been observed that in some cancer cells PFK2 activates PFK1 by
generating S-D-fructose-2, 6P, [33]. As a result, fluxes through glycolysis increase. Thus higher
rate of B-D-fructose-2, 6P, formation shown by the simulation result is validated. Conse-
quently, flux of the conversion of f-D-fructose-1, 6P, into PEP increases rapidly. However,
there is a fluctuation in the flux of the reaction 8-D-fructose-6P — B-D-fructose-1, 6P, because
of the fluctuation in transaldolase/transketolase.

It is clear from the aforesaid observations that switching of pyruvate kinase (M2 isoform)
between its two oligomeric forms, tetramer and dimer, plays a major role to maintain the
altered dynamics in cancer cells. In addition, transaldolase/transketolase performs a significant
role. Hexokinase, glucose-6-phosphate dehydrogenase, PFK2, PFK1 are also significant in this
scenario. Thus we can conclude that coordination among enzymes catalyzing glycolysis and
pentose phosphate pathway drive cancer cells to fulfill its two important characteristics (i.e.,
energy formation and high cell proliferation). In this fashion, breaking this kind of coordina-
tion can be set as an important therapeutic goal.
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Conclusions

Here we have developed a model to mimic the nonlinear mammalian CCM pathway using
classical control theory. The focus of our approach is to explore how the control mechanism
works using enzyme regulations to achieve certain objectives of mammalian CCM pathway.
We have considered all the control points of the CCM pathway and other interactions.

This modeling technique allows one to perturb each and every parameter associated with
the pathway. It also helps in observing the transient and steady state responses. Moreover, the
model can track dynamic closed loop responses. Besides, it is also capable of tracking even a
ramp input/output which is frequent in cancer cells. Thus, the model becomes more robust
than the previous models based on flux balance analysis, metabolic control analysis and classi-
cal control theory. The present approach allows one to analyze the possible control action of a
pathway that may be followed to attain a specific objective by varying the key enzymes regulat-
ing the control points. In this case, we have analyzed the effects of regulation of enzymes in
every possible combinations. Besides, we have analyzed the role of perturbations in attaining
specific objectives. Through this study we have been able to capture the effects of perturbations
of key enzymes regulating the CCM pathway in normal cells. We have also simulated the
effects of various metabolites that create disturbances due to feedback and cross talk with inter-
linking pathways.

As cancer cells alter the normal behavior of the CCM pathway to fulfill high cell prolifera-
tion and energy demand, PI controllers have been applied to the model of the normal CCM
pathway which has been perturbed to reduce the mitochondrial oxidative phosphorylation. In
this fashion, the model behaves like the CCM pathway in mammalian cancer cells. We have
analyzed the possible enzyme regulations in cancer cells. In this regard, we have found some
interesting results.

Both Experiment 1 and Experiment 2 show fluctuation for the concentration of pyruvate
concentration between [0, 1]. According to some previous investigations [2, 14, 24, 25, 27-30,
33-35], pyruvate kinase has two isoforms, i.e. M1 and M2. PKM2 is dominant in cancer cells.
It has two oligomeric forms (dimer and tetramer). The switching between dimer and tetramer
helps cancer cells in fulfilling energy demand and high cell proliferation. Thus, the fluctuation
of pyruvate kinase is quite valid. Experiment 1 does not consider the interaction among the
enzymes associated with glycolysis and pentose phosphate pathways. Subsequently, Experi-
ment 1 shows that sufficient amount of energy in the form of ATP can not be produced as per
need of cancer cells.

Besides, Experiment 2 confirms that there is a switching among the enzymes catalyzing pen-
tose phosphate pathway and intermediate glycolytic enzymes. In addition to this, the switching
of PKM2 plays an important role for survival of cancer cells. Fluctuation of transaldolase/trans-
ketolase between low and high concentration plays an important role in this scenario. When
energy is needed, D-ribose-5P is converted into intermediate glycolytic metabolites, switching
PKM2 to its active tetramer form. As a result, desired amount of ATP is synthesized. Produc-
tion of D-ribose-5P becomes high again during cell proliferation. In this scenario, PKM2
switches itself back to relative inactive dimer form. As a result, PEP gets accumulated (shown
by Experiment 2). Afterwards, accumulated PEP helps in forming cell building materials and
ATP as per need. Experiment 2 also indicates that the enhanced activities of hexokinase, PFK1,
PFK2 and glucose-6-phosphate dehydrogenase contribute significantly to maintain the altered
dynamics in cancer cells. Thus, the model can meet the needs of cancer cells (energy demand
and high cell proliferation) efficiently. Moreover, it helps cancer cells in surviving in an initial
low concentration of ATP. In this fashion, the model successfully mimic the altered dynamics
of the mammalian CCM pathway in cancer cells.
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Supporting Information

S$1 Fig. Comparison between the proposed models of the CCM pathways consisting of 47
reactions and 28 reactions. This two models show the similar pattern of dynamic responses of
CCM pathway with variations of glucose and pyruvate kinase.

(TIF)

S2 Fig. Significance of the feedback constant (case 1). It shows the variations of x;, x5, x3, v1,
v, and v; (as depicted in Fig 5) with variation of F; value and fixed F, value at 0.1.
(TIF)

$3 Fig. Significance of the feedback constant (case 2). It depicts the variations of x;, x5, x3, vy,
v, and v; (as depicted in Fig 5) with variation of F, value and fixed F; value at 0.1.
(TIF)

S1 Table. Simulation details for Fig 3. It contains the simulation details and the model
parameters which have been used to validate the order reduction technique using COPASI
software.

(PDF)

S2 Table. Reaction list 1. It contains the list of 47 reactions from KEGG database for mamma-
lian CCM pathway under consideration. Here the reaction numbers correspond to the same
serial numbers in 54 Table.

(PDF)

$3 Table. Reaction list 2. It contains the list of reduced 28 reactions for mammalian CCM
pathway under consideration. Here the reaction numbers correspond to the same serial num-
bers in S5 Table.

(PDF)

S4 Table. Reaction Eq (1). It contains the list of equations of reaction fluxes associated with 47
reactions from KEGG database for mammalian CCM pathway under consideration. Here the
serial numbers correspond to the same reaction numbers in S2 Table.

(PDF)

S5 Table. Reaction Eq (2). It contains the list of equations of reaction fluxes associated with
reduced 28 reactions from KEGG database for mammalian CCM pathway under consider-
ation. Here the serial numbers correspond to the same reaction numbers in S3 Table.

(PDF)

$6 Table. Simulation parameters. Here, the simulation parameters for the proposed CCM
pathway model are given.
(PDF)
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