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Photosynthetic metabolism of C3 plants shows highly
cooperative regulation under changing environments:
A systems biological analysis
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We studied the robustness of photosynthetic metabolism in the
chloroplasts of C3 plants under drought stress and at high CO;
concentration conditions by using a method called Minimization of
Metabolic Adjustment Dynamic Flux Balance Analysis (M_DFBA).
Photosynthetic metabolism in the chloroplasts of C; plants applies
highly cooperative regulation to minimize the fluctuation of me-
tabolite concentration profiles in the face of transient perturba-
tions. Our work suggests that highly cooperative regulation as-
sures the robustness of the biological system and that there is
closer cooperation under perturbation conditions than under nor-
mal conditions. This results in minimizing fluctuations in the
profiles of metabolite concentrations, which is the key to main-
taining a system’s function. Our methods help in understanding
such phenomena and the mechanisms of robustness for complex
metabolic networks in dynamic processes.

climate extremes | environmental stress | flux balance |
metabolic control | metabolomics

dvances in metabolomics technologies provide adequate data

to make it possible to simulate the cell’s metabolic networks as
coherent systems (1). Approaches to analyzing the properties of
such systems, such as Metabolic Control Analysis (MCA) and Flux
Balance Analysis (FBA), provide means to assess the robustness of
metabolic systems in compensating for perturbations (2, 3). FBA
and Minimization of Metabolic Adjustment (MOMA) have been
applied to study the robustness of biochemical pathways in the
steady state (4-7). FBA can give the optimal value of the state of
a homeostatic system, which we assume is the one acquired through
the evolutionary process. To improve on FBA, the MOMA method
has been designed to analyze metabolic networks under perturba-
tions based on the hypothesis that perturbed metabolic fluxes
undergo a minimum redistribution. It has been found that in some
aspects MOMA is closer than FBA in predicting the result of
inserting a mutation into a metabolic network (5, 8, 9). Under
perturbed conditions, metabolic networks reach a new state
through dynamic adjustment. To investigate these dynamics, Dy-
namic Flux Balance Analysis (DFBA) has been developed on the
basis of dynamic optimal control theory (10). DFBA can incorpo-
rate kinetic information and has been applied successfully to
simulate the diauxic growth of Escherichia coli. We developed an
approach called Minimization of Metabolic Adjustment Dynamic
Flux Balance Analysis (M_.DFBA), which is a DFBA method
modified by extending the MOMA hypothesis (11). M_DFBA has
been used to model myocardial energy metabolism. We found that
under ischemic conditions, the myocardium does not maximize the
rate of ATP production as it does under normal conditions, but
rather minimizes the fluctuation of the profile of metabolite
concentrations (12). Even without complete system parameters,
these methods can find the optimal state of a system or process by
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searching for the optimal solution using stoichiometric information
for the reactions concerned. An objective function of the system,
reflecting inherent motivity and system function, for example, the
maximum rate of ATP production in myocardial energy metabo-
lism or the maximum biomass concentration by the metabolic
network of E. coli, is the goal of cooperative regulation of a complex
biological system.

As a general definition, robustness is a property that maintains
system function in the face of various perturbations (13, 14). Itis one
of the inherent properties of biological systems. In particular,
aspects of the mechanism and the origin of robustness have been
investigated, for instance, the topology of networks such as the
bow-tie structure of biological systems (15), feedback control (16),
robustness tradeoffs such as Highly Optimized Tolerance (HOT)
theory (17), duplication of pathways (18), and decoupling pathways
(19). More recently, Kitano has suggested how to describe the
robustness of biological systems quantitatively (20).

Here, we have applied the M_LDFBA method to explore the
robustness of photosynthetic metabolism in the chloroplasts of
Cs plants. There is extensive work on mathematical modeling of
the metabolism of chloroplasts under normal and perturbed
conditions (21-23), illustrating the effects of perturbations, but
that do not characterize the degree of resistance to perturbation.
Our article examines the effects of key environmental modifi-
cations, water deficit and high-CO, conditions, on photosyn-
thetic metabolism. We analyze the robustness of the system, and
from this we suggest a general rule about the robustness of
metabolic systems.

Results and Discussion

Modeling of Photosynthetic Metabolism in the Chloroplasts of C3
Plants. We have constructed a model of photosynthetic metabolism
in the chloroplasts of C; plants and examined it with two objective
functions in mind by using different approaches under perturbation
conditions: first, minimizing the fluctuations of the profile of
metabolite concentrations by using the M_LDFBA method; and
second, maximizing the rate of 3-phosphoglycerate (PGA) produc-

Author contributions: R.L., H.W., LY., KW., F.C,, L. Luo, L. Liu, Yuanyuan Li, M.J.C.C, L.J.,
Yixue Li, and Y.Z. designed research; R.L., HW.,, L.Y., KW., F.C,, L. Luo, L. Liu, Yuanyuan Li,
M.J.C.C,, L.J., Yixue Li, and Y.Z. performed research; R.L., H.W., LY., Yixue Li, and Y.Z.
analyzed data; and R.L., M.J.C.C,, Yixue Li, and Y.Z. wrote the paper.

The authors declare no conflict of interest.
Freely available online through the PNAS open access option.
TR.L. and H.W. contributed equally to this work.

2To whom correspondence may be addressed. E-mail: yxli@scbit.org or yangzhong@fudan.
edu.cn.

This article contains supporting information online at www.pnas.org/cgi/content/full/
0810731105/DCSupplemental.

© 2009 by The National Academy of Sciences of the USA

PNAS | January 20,2009 | vol. 106 | no.3 | 847-852

GENETICS



http://www.pnas.org/cgi/content/full/0810731105/DCSupplemental
http://www.pnas.org/cgi/content/full/0810731105/DCSupplemental

SINPAS

N

1Y/
S\\§
7

|
‘
o W [

Light reaction
NADPHH' NADP P ADP.Pi

2-Phospho-

siseyjuksojoyd

Chloroplast

Peroxisome Mitochondrion

glycolate = 7»Gly

Dark reaction

G3
s-7-
%”’ 1,3BPG
S-1,7:P G»}-I"\\\\
5\ /—ﬂ)ﬁ/\r’
pHAP E-4-| F}F/] -P Pi
F-6-P
G3p

Fig. 1.

Ribulose 5-phdsphate RupP P
Ribose 5-phosphate \
CAN
N | _ al
- x)s.p B pJ A —Glycerate i

- Gly ~_

/ NAD

o] HoO: (

NAD' NADH.H' |
X | A

A
\G/ \
/. Hydroxy-

Ol yceratcail— ~.al!
Glycerateatf [WOIOR - f——Seref

> — o [sue]

Cytosol
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tion by using the DFBA method. Because PGA is a major building
block used to synthesize sugars, starch, and other important plant
materials, the key function of chloroplasts is to produce PGA. To
describe chloroplast dynamics completely, our model includes not
only photosynthetic metabolism but also the expression of Rubisco
(ribulose-1,5-biphosphate carboxylase/oxygenase), as measured by
the expression of rbcL, which is a large subunit of Rubisco. Rubisco
is the key enzyme in both the photosynthesis and photorespiration,
and its concentration decreases with increasing concentrations of
CO;, (24).

Our model considers photosynthetic metabolism under nor-
mal conditions as shown in Fig. 1. Photosynthesis is composed of
the light reaction and the dark reaction in the chloroplasts. In the
light reaction, light energy is absorbed and then conserved in
ATP and NADPH, and simultaneously O is evolved. The dark
reaction involves three stages: Stage 1, fixation of CO; into PGA,
catalyzed by Rubisco, a key enzyme in the dark reaction; Stage
2, reduction in two steps of PGA to glyceraldehyde 3-phosphate
and dihydroxyacetone phosphate, which is used to synthesize
starch or sugar; Stage 3, regeneration of ribulose 1,5-
bisphosphate (RuBP) from glyceraldehyde 3-phosphate, which
consumes energy (ATP and NADPH) provided by the light
reaction. This involves a series of transformations of glyceral-
dehyde 3-phosphate to regenerate RuBP for continued CO,
fixation. Photorespiration is a costly side reaction of photosyn-
thesis in the plant, also producing PGA. It involves three cellular
compartments: chloroplasts, peroxisomes, and mitochondria,
consuming O; to produce CO, catalyzed by Rubisco. However,
the rate of photorespiration is less than the rate of the photo-
synthesis, so that photorespiration is a slower way to produce
PGA. It also consumes more energy, so another function of
photorespiration is to protect the plant against oxidative damage
by consuming redundant energy.

The photosynthetic network consists of at least 24 reactions
and 34 metabolites. All metabolites and reactions need to be
parameterized on each collocation point to make calculations
with the M_DFBA method, and consequently a very large
amount of variables is produced. In practice, without simplifying
the network, it is impossible to obtain an optimal solution.

We have made two assumptions for simplifying the network: (7)
the function of the chloroplasts in C; plants is to produce PGA at
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a maximum rate under normal conditions; (i7) the system maintains
its function under perturbed conditions, according to the general
definition of robustness. We simplify the network by including only
the following components: (i) dark reactions producing PGA
efficiently; (if) photorespiration, as an additional pathway to pro-
duce PGA, even though it consumes more energy at a lower speed;
(iii) the pathway of regeneration of RuBP because it is the crucial
path to CO, fixation in the whole network; and (iv) the light reaction
producing NADPH for reduction and ATP as the energy supplier.
Finally, we obtained a simplified photosynthetic model including
five pathways involving eight crucial metabolites, presented in Fig.
2. V1 (the dark reaction) is the main reaction producing PGA and
P; catalyzed by Rubisco under normal conditions; V> (photorespi-
ration) is a side pathway to V7 producing PGA and produces CO»;
V3 (RuBP regeneration) continuously synthesizes RuBP; V4 (the
light reaction) absorbs light to produce reducing power (NADPH);
and Vs (ATP synthesis) produces energy (ATP) through P;.

Our model of photosynthetic metabolism in Csz plants uses a
Dynamic Optimization Approach (DOA), which is one kind of

ADP',ADP,Pi
Out

NADPH,ATP
Fig.2. Simplified photosynthetic metabolism in the chloroplasts of Cz plants

considered for M_DFBA. This consisted of 8 metabolites (Rubisco, RuBP, PGA,
ATP, ADP, P;, NADP, and NADPH) and 5 reactions (V;, dark reaction; V5,
photorespiration; V3, RuBP regeneration; V4, light reaction; Vs, ATP synthesis).
Through pathway analysis the main output of this network is defined as PGA,
thus the simplified input consists of P;, CO,, and O,.
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Modeling results of photosynthetic metabolism in the chloroplasts of C; plants by the M_DFBA method under different levels of water stress. Frepresents

water stress: normal (1), mild (0.8), moderate (0. 6), and severe (0.4). (A) rbcL concentration, which represents the Rubisco concentration, increases during the
decreased water content. (B-F) CO,, Oy, P;, ATP, and RuBP concentration are reduced under the water stress. (G) Uptake of CO, drops because of stomatal closure
under water deficiency. (H) Uptake of O, is raised under severe water deficiency because of the enhanced photorespiration.

formulation within the DFBA and M_DFBA methods. As men-
tioned above, maximum PGA production is assumed to be the
function of the Cs photosynthesis network under normal con-
ditions. However, under water stress and high CO, concentra-
tions, we work on the assumption that the goal is minimization
of the fluctuation of the profile of metabolite concentrations,
according to the M_DFBA hypothesis. To describe the robustness
in the chloroplasts, a constraint on the rate of PGA synthesis is
required under perturbation conditions, which is the formulation of
a PGA synthesis velocity constraint. The solution to the dynamic
optimization problem is described in Materials and Methods, and a
simple example of how this algorithm works is provided in the
supporting information of our previous work (11).

We analyzed the dynamic process of photosynthetic metabo-
lism under water stress and high CO, conditions over 10 h by
using the M_LDFBA model. Other factors (illumination, temper-
ature, etc.) affecting photosynthesis are assumed normal and
always constant in our model. Under drought, which reduces
photosynthesis, at least two phenomena occur almost simulta-
neously: stomatal closure and reduced entry of CO, to the leaf.
High concentrations of CO, would tend to increase photosyn-
thesis and the production of PGA. Under both perturbations, we
found that the predicted values obtained from the M_DFBA
model are closer to the experimental data than those of DFBA
model [see supporting information (SI) Figs. S1-S4 for further
details]. In our previous work, we found the same difference
between the two approaches: the M_DFBA model correctly de-
scribed the phenomenon of the predominant contribution of fatty
acids to oxidative ATP production under mild and moderate
ischemic conditions, but the DFBA model failed to do so (11).

Performance of the Model Under Water Deficit. Because the param-
eters of our model come from different C; plants, we have used
the transition trend of the curves in the present work. Fig. 3
shows metabolic response under water stress, where F represents
the relative water content. At different levels of relative water
content, the simulation conditions are defined as normal water
condition (F = 1, green line) and water stress condition (F <1),
including mild (F = 0.8, blue line), moderate (F = 0.6, yellow
line), and severe (F = 0.4, red line), respectively. At the
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beginning of the water stress condition lasting 2 h, the concen-
tration of CO, decreases (Fig. 3B) and leads to an increase in the
concentration of Rubisco (Fig. 34). Simultaneously, the con-
centration of O, decreases (Fig. 3C), and the uptake of O,
reverses from evolution to absorption when the water stress
becomes severe (Fig. 3H). After the reduction of CO, concen-
tration, the concentration of CO; increases and becomes steady
after 2 h. The concentration of other substrates such as ATP and
P; decreases sharply (Fig. 3 D and E). Our results are consistent
with previous publications (25).

Based on the MOMA hypothesis and the above results, we can
achieve a systemic analysis of cooperation between the different
pathways of photosynthetic metabolism. Water deficit induces
stomatal closure, causing a low concentration of CO, within
chloroplasts. This reduction of CO, concentration raises the con-
centration of Rubisco and limits the rate of PGA synthesis, which
is itself associated with RuBP regeneration and P; concentration.
To increase the CO, concentration, the plant enhances photore-
spiration, which consumes O, to produce CO; (see Figs. S5 and S6
for details); moreover, photorespiration could rescue the low
concentration of PGA and P;. Yet, this reaction consumes more
ATP so that the plant is under low-energy conditions (ATP
scarcity). To some extent, the increased CO, concentration could
stimulate photosynthesis, which produces PGA more efficiently
than photorespiration. Although the plants use photorespiration to
offset low metabolite concentrations rather than photosynthesis
during drought conditions, we deduce that a high concentration of
Rubisco accelerates the speed of both photosynthesis and photo-
respiration as soon as possible to minimize fluctuation of the profile
of metabolite concentrations so that the plant exerts itself to
optimize function under water deficit. Therefore, the plant could
stabilize its state by regulating the concentration of Rubisco to
realize its function to produce PGA as much as possible.

Performance of the Model at High CO, Concentrations. Fig. 4 shows
the metabolic response under normal and high CO; conditions. The
concentrations of P;, CO, and O, in the tissue fluid are constant
throughout the simulation. At double-ambient CO,, the Rubisco
concentration (Fig. 44) drops, and the concentrations of P; ATP
and RuBP (Fig. 4 D-F) and the uptake of O, (Fig. 4H) decrease;
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Fig.4. Modelingresults of photosynthetic metabolism in the chloroplasts of C3 plants by the M_DFBA method under normal and double concentrations of CO,.
(A) rbcL concentration is reduced at double CO; concentration. (B and G) Concentration and uptake of CO; increase. (C and H) Concentration and uptake of O,
decrease. (D) Concentration of P; drops. (E and F) ATP and RuBP are consumed to synthesize PGA.

yet, the concentrations of CO, and O, (Fig. 4 B and C) increase. Our
results were consistent with previous publications (26).

High CO; levels stimulate the dark reaction, and RuBP and
ATP are consumed more quickly to fix CO, to PGA than under
normal conditions. The decreased ATP concentration boosts
ATP synthesis that in turn reduces P; concentration. The light
reaction in photosynthesis is also enhanced to cooperate with the
faster dark reaction to provide enough energy, yet the concen-
tration of O,, a side product of the light reaction, also rises.
Therefore, the high concentration of O, speeds up photorespi-
ration. However, a high CO, concentration resulted in the
reduction of Rubisco concentration, and both photosynthesis
and photorespiration decelerate to maintain the substrate con-
centrations. By limiting the Rubisco concentration, the plants
control the speed of pathways to optimize stability to produce as
much PGA as possible under high CO, concentration. Even
though the favorable condition is advantageous for the C; plant
to produce PGA, it consumes a large amount of substrate that
destroys the system balance. The plants have developed a
strategy to limit the reaction rate in the long evolutionary process
by reducing the concentration of Rubisco, as mentioned above,
whose concentration is affected by high CO, concentration.
Through limiting Rubisco, the plant can regulate the rate of
photosynthesis, assuring that there are only slight fluctuations in
the substrate concentration profiles, to stabilize the plant.

Cooperation Analysis. All biological processes involve cooperation
with correlated pathways, and this is one of the reasons for high
system complexity (27). Through cooperation, biological systems
cannot only realize their function, but also stabilize their state.
Previous studies have focused on the cooperation of biological
systems, for example: Vo et al. (28) used FBA to analyze results
of the model with various objective functions and found that
pathways of human mitochondria carry out the system’s function
through cooperation; Motoaki and coworkers (29) applied a
full-length cDNA-monitoring microarray and analyzed the ex-
pression profiles of 7,000 Arabidopsis genes under conditions of
drought, cold, and high-salinity stress and found that there are
cooperations between different signaling cascades.

To describe quantitatively the cooperation of photosynthetic
metabolism in the chloroplasts of the C; plants, we calculated the
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correlation between the velocities of five pathways in our
simplified network. To further prove the effect of cooperation of
the system, we compared the result by using another objective
function that minimizes the fluctuation of the profile of the
fluxes with the one by minimizing the fluctuation of the profile
of metabolite concentrations.

According to DOA, the velocity of each pathway has been
parameterized on each collocation point on the whole process
(see Figs. S5 and S6 for details). We calculated the correlation
of time series data of velocity of each pair of pathways by mutual
information under the severe water deficit condition (F = 0.4)
and under normal water condition (F = 1). For each result we
obtained a P value (result not shown), which is associated with
a given value of mutual information in the null hypothesis by
Monte Carlo simulation (the calculation method is shown in
Materials and Methods). The results shown in Table 1 display that
each pair of pathways has high cooperation under normal and
severe water conditions. Moreover, under perturbation condi-
tions, it shows higher cooperation than that of under normal
water condition. The above results suggest that the system
applies closer cooperation under perturbation conditions than
under normal conditions.

Rubisco utilizes both CO, and O, as substrates to form PGA
in the chloroplasts. Under drought conditions, or low CO,
concentrations, O, competes with CO, at the active site of

Table 1. Correlation of time series data of velocity of each pair
of pathways by mutual information under severe water deficit
conditions (F = 0.4, lower left) and normal water conditions
(F = 1, upper right)

Velocity Vi V> V3 Vs Vs
Vi 0.3485 0.5548 0.5563 0.5731
Vo 0.6070 0.4806 0.4970 0.4459
V3 0.7598 0.8473 0.8615 0.9116
Vs 0.7626 0.8340 0.9213 0.8585
Vs 0.7598 0.8473 0.9322 0.9213

The velocities of five pathways are: V4, dark reaction; V5, photorespiration;
V3, RuBP regeneration; V4, light reaction; and Vs, ATP synthesis. See Results
and Discussion for details.

Luo et al.
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Rubisco. Table 1 shows relatively low correlations between V;
(dark reaction in the photosynthesis) and V, (photorespiration)
because CO; fixation in the dark reaction is inhibited by the O,
in the process of photorespiration. Both the dark reaction and
photorespiration depend on RuBP regeneration (}3) to contin-
uously produce RuBP to form PGA, so }’3 showed high corre-
lation with the light reaction (V4) and ATP synthesis (V5) under
normal and stress condition. The correlation of V, with V73, V4,
and Vs under perturbation conditions is lower than the corre-
lation of V7 with V3, V4, and V5 under normal conditions because
the dark reaction plays a key role in the plant, whereas photo-
respiration is a side pathway or a rescue pathway. However,
compared with normal conditions, the correlation of 1, with 173,
V4, and Vs under water stress conditions (F = 0.4) is relatively
higher (Table 1). This is because under stress conditions, pho-
torespiration is enhanced to respond to the stress.

To understand the importance of cooperative regulation in the
biological system under perturbed conditions, we stimulated
the system’s state without the cooperative regulation. We changed
the objective function to minimize the fluctuation of the profile of
flux velocities. The results of this objective function (see Figs.
S7-S10 for details) show that to stabilize the system’s profile of flux
one part of the metabolite concentrations are raised sharply,
whereas the other part of the metabolite concentrations drop
sharply. System function is impaired because of the unreasonable
distribution of metabolite concentrations. Moreover, it is harmful
for the system because the high concentration of some metabolites
may damage its survival. Therefore, it is uneconomic to achieve
system function, and the result does not accord with experimental
evidence. Our stimulation shows that a system’s function is realized
through cooperative regulation, which can also decrease the fluc-
tuation of metabolite concentration profiles.

Conclusion

In the present work, we have built a mathematical model of
photosynthetic metabolism in the chloroplasts of C; plants by
using the M_LDFBA method. We have analyzed the dynamic
reprogramming, robustness, and cooperativity of the chloro-
plast’s network under drought stress and under high CO,
concentration conditions. Based on the results of this study and
our previous works, we showed that in the face of transient
perturbation, metabolic systems are inclined to maintain their
state by cooperative regulation to achieve their function.
Under disturbed conditions, the homeostasis of metabolite con-
centrations is destroyed. In the view of the fluctuation—dissipation
theory, a system’s state will fluctuate in response to the changes in
the surroundings (30). The fluctuation induces the departure of
some of the system’s elements from its statistical average, which
impairs the cooperativity of the whole system and causes decreased
system function. As a highly cooperative system, metabolic net-
works use a system cooperative regulation to achieve their function.
The system cooperatively regulates the velocity of pathways to
minimize fluctuations in the profiles of metabolite concentrations.

Materials and Methods

Model of the Photosynthetic Metabolism in the Chloroplasts of C; Plants. As
chloroplasts continuously exchange metabolic substances with cytoplasm,
such as P;, O, and CO;, we used the following ordinary differential equation
(ODE) to describe the rate of change of metabolites concentration:

dx
== SV + F-{+(Out, — In,), (]

where x is a vector of metabolite concentration, t is the time, S is the stoichio-
metric matrix, V is a vector comprising the values of all reactions and transport
fluxes, F is water flow into cytoplasm, Outy is the concentration of a particular
metabolite in the cytoplasm, { is the diffusion coefficient, Iny is the metabolite
concentration in chloroplasts, and F - ¢ - (Outx — Iny) is the flux of a particular
metabolite from cytoplasm flow to chloroplasts. Rubisco is the most ubiquitous
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protein in the nature; in each chloroplast it has a large copy number (31). So, we
need not consider randomicity in rbcL expression (32, 33). We used the following
deterministic ODE to describe the rate of change of rbcL protein:

dxrbcL B (OXCOz)n
dt - ((excnz)" + (xrbCL)n)

K — R'*, [2]

where K is the rate of rbcL expression, and R is the rate of degradation of rbcL
protein.

(Byc0)”

((OXCUz)n + (xrbcL)n) [3]
rbcL is the larger unit of Rubisco, catalyzing the photosynthesis and photorespi-
ration. So we use rbcL content, which could nearly represent the Rubisco con-
centration, and its dynamic parameter to constrain the velocity of photosynthesis
and photorespiration. In addition, because the normal optimal objective function
of PGA production is replaced under perturbed conditions by minimizing me-
tabolite concentration fluctuation, a new constraint is required for the purpose
of describing the unaltered requirement of function of system in the chloroplasts.
We made a qualitative estimate of the lower limit constraint of PGA synthesis
velocity to express this function, where a represents the normal velocity of PGA
production. Finally, successional constraint of all metabolite concentrations was
necessary at the beginning of each finite element and initial state (the values of
the parameters used in Eq. 4 are listed in Table S1.

Moy, | N
Ob]ectlve:MlnEJ‘ (x,-,j - x,-)j,l)zﬁ(t - t])dt
n Yi=1

j=1 i=
(4]
dxCOz
a Sco, Ve + Flco,(Outco, — x%)
dx??
ar S0,V + F-o,(Outo, — x%)
dx™ _ _
ar SpiV™" + F-Lpr(Outp; — x™)
dxATP
dt = SATP'VATP
deuBP
dt = SRuBP'VRuBP
dxNADPH
dt = Snapru’ JNADEH
deGA
dt = SPGA'VPGA
dxrbcL 0)( , n
ok~ Rt

de 0,.co,)" + xbelyn
X
Vl <= xrbcL_KLl,xCOz/sz
V2 <= xrbcL.KLz.sz/xC()z
X, = [xCOZ’ sz’ xPi’ xATP, xRuBP’ xNADPH’ xPGA’ xrbcL]
GA
SPGA'VP = Q.
Mutual Information. In probability theory and information theory, the
mutual information of two random variables is a quantity that measures
the mutual dependence of two variables. In this work, we used mutual

information to describe quantitatively the cooperation of the system.
Based on the rank transformation of the series data of velocity of each
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pathway, the correlation of the velocity of each pair of pathways is
calculated by the following equation:

p(x,y) ] ’ -

P1(xX)po(y)

where Ny, is the number of samples, p(x, y) is the joint probability distribution
function of X and Y, and p(x) and px(y) are the marginal probability distri-
bution functions of X and Y, respectively (34).
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