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Metabolic gradients as key regulators in zonation of tumor
energy metabolism: A tissue-scale model-based study
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Characteristics of many tumor types are the reprogramming of metabolism and the occurrence of
regional hypoxia. In this work, we investigated the hypothesis that metabolic reprogramming in
combination with metabolic zonation of cellular energy metabolism are important factors in promotion of the growth capacity of solid tumors. A tissue-scale model of the two main ATP delivering pathways, glycolysis (GLY) and oxidative phosphorylation (OXP), was used to simulate the
energy metabolism within solid tumors under various metabolic strategies. Remarkably, despite
the high diversity in the usage of glucose, lactate and oxygen in various spatial regions, the tumor
as a whole clearly displays the hallmark of the so-called Warburg effect, i.e. a high rate of glucose
consumption and lactate production in the presence of sufficiently high levels of oxygen. Our simulations suggest that an increase in GLY capacity and concomitant decrease in OXP capacity from
the periphery towards the center of the tumor improves the availability of oxygen to pericentral
tumor cells. The found relationship between the regional oxygen level and the relative share of GLY
and OXP capacities supports the view that metabolite availability functions as key regulator of
tumor energy metabolism.
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1 Introduction
Metabolic zonation designates the finding that homotypic cells in a tissue may comprise significant differences in the capacity of specific metabolic pathways
depending on their local access to nutrients and oxygen.
Well-studied examples are hepatocytes or kidney cells,
which may alternatively operate as glucose producers in
well-oxygenated regions (aerobic) of the tissue (periportal, respectively near-cortex proximal) or glucose consumers in poorly oxygenated (hypoxic) regions (perivenious) [1–3]. These striking regional differences in the
capacity of gluconeogenesis and glycolysis (GLY) are
mainly due to differences in the expression of the underlying key enzymes, transporters and receptors, resulting
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in different functional capacities, which are either stably
established during tissue development and regeneration
or transiently induced by changes in the environmental
conditions like available oxygen [4, 5].
A hallmark of many tumor types is the reprogramming
of the energy metabolism [6], resulting in an extraordinarily high demand for glucose even under aerobic conditions (the so-called Warburg effect) with a substantial part
of glucose being converted into lactate. Another key characteristic of most tumors is regional hypoxia [7, 8] considered a key regulatory factor in tumor growth [7].
Regional hypoxia in tumors is a consequence of diffusion
limitations in combination with altered and non-functional tumor microvasculature [9, 10]. This results in the coexistence of aerobic regions close to supporting blood vessels and hypoxic or even anoxic regions in larger distances from the blood supply [11]. In tumor microspheroids, a lab model of solid tumors that receive their supply
of oxygen and nutrients only through diffusion from the
outer cell layer (periphery) to the center, one may distinguish with increasing distance from the periphery
between an outer viable rim, consisting of proliferating
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Figure 1. Tissue-scale model of tumor metabolism. Overview of the multi-scale model of tumor metabolism integrating diffusion-based transport of
metabolites in the extracellular space (grey) with detailed kinetic models of energy metabolism on the cellular level (Fig. 2). Exchangeable metabolites
between the cells and the extracellular space are glucose (red), lactate (green) and oxygen (blue). The tumor is supplied with nutrients and oxygen via the
nearest blood vessel.

cells, an intermediary region of quiescent and hypoxic
cells, and an inner necrotic core [12, 13]. The relative
share of GLY and oxidative phosphorylation (OXP) in the
total energy production of tumor cells can be adapted to
varying oxygen levels via transcriptional regulation of key
metabolic genes through oxygen-sensitive transcription
factors like hypoxia-inducible factor-1 (HIF-1) [8, 11, 14].
HIF-1 may up-regulate the expression level of glycolytic
enzymes [11, 14, 15] and can down-regulate OXP via multiple mechanisms as, for example reducing the activity of
pyruvate dehydrogenase via transactivation of pyruvate
dehydrogenase kinase I (PDK1) [16, 17] or reducing the
number of mitochondria per cell due to the induction of
MAX interactor 1 (MXI1) [18]. These HIF-dependent
changes result in a zonated tumor energy metabolism
characterized by varying metabolic capacities of GLY and
OXP with changing oxygen availability.
In this work, we address the problem whether zonation of the energy metabolism within a non-vascular
tumor could serve as a means to promote its growth
capacity. We used a detailed kinetic model of the cellular
energy metabolism comprising the two central ATP delivering pathways, GLY and OXP, to simulate the energy
metabolism of tumor cells at varying distance from the
nearest blood supply and under different metabolic strategies. In this model, glucose, lactate and oxygen in the
extracellular space were considered diffusively exchangeable between adjacent spatial layers.

detailed kinetic models of single-cell energy metabolism
(Fig. 1). Glucose, lactate and oxygen are exchanged
between the supporting blood vessel and the tumor tissue
and between cells and extracellular space. The sub-system of cellular metabolism comprises GLY, tricarboxylic
acid cycle (TCA cycle) and OXP (Fig. 2). The resulting
integrative model is an ordinary differential equation
(ODE) model coupling the rate equations of biochemical
reactions and membrane transport processes with the diffusion equations for the extracellular substrates. Model
parameters are given in Table 1, Supporting information,
Supplement 1 or are specified in the main text together
with the respective equations.

2.1 Diffusion in extracellular space
The diffusion of the metabolites glucose, lactate and oxygen in the tumor is modeled by subdividing the extracellular space into small compartments whereby the
exchange of metabolites between neighboring compartments is governed by one-dimensional diffusion equations. The complete tissue model consists of Nc layers of
cells ranging from the blood vessel to the tumor core with
each cell having Nf associated extracellular compartments (i.e. Next = Nc · Nf extracellular compartments in
total). With glcblood denoting the glucose concentration in
k denoting the glucose concentration in the
the blood, glcext
extracellular compartment k and Dglc being the diffusion
coefficient of glucose in the extracellular space, the diffusion rate of glucose in the k-th compartment is given by

2 Methods
The presented model is a tissue-scale model of tumor
metabolism applicable to small avascular tumors,
microregions of larger tumors and tumor spheroids having access to nutrients in the blood (or in the medium)
only through extracellular diffusion from the periphery to
the center. The model integrates a diffusion-based model
of metabolite transport in extracellular space with
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glc
v Diff
(k) 



D glc 1
1
k 1
k
k 1
2 2 glcext  glcext  2 glcext
 dext 



k  2,..., N ext  1
glc
v Diff
( k  1) 

(1)



D glc 1
1
1
2
2 2 glc blood  glcext  2 glcext
d
 ext 



(2)

1059

Biotechnology
Journal

Biotechnol. J. 2013, 8, 1058–1069

www.biotechnology-journal.com

Table 1. Geometrical model parameters and diffusion coefficients for tissue-scale model

Parameter

Value

Description

Nc

25

number of cells in tissue model with cells i = 1,…, Nc

Nf

5

number of extracellular compartments per cell (discretization)

Next

Nc · Nf

number of extracellular compartments with compartments k = 1,…, Next

Dglc

400

m2
s

diffusion coefficient glucose

[37, 51]

Dlac

230

m2
s

diffusion coefficient lactate (~70% glucose [52])

[53, 54]

Do2

1500

diffusion coefficient oxygen

[55, 56]

dcell

15 μm

dext

dcell
Nf

m2
s

Reference

diameter single cell
diameter extracellular compartment

fext

0.3

extracellular volume fraction

Vcell

(dcell)3

volume single cell

Vext

V
f ext cell
Nf

[58]

volume single extracellular compartment

Nxin

78

number of cellular concentrations single cell

Nxout

3

number of extracellular concentrations





lac (k) and oxygen v o2 (k)
The diffusion rates of lactate vDiff
Diff
are calculated accordingly with blood concentrations as
lacblood and o2blood, diffusion coefficients as D lac and D o2,
k and
and the concentrations in compartment k as lacext
k
o2ext, respectively.

degradation of glucose or from lactate taken up from the
extracellular space. The metabolic capacities of GLY and
OXP were varied by scaling all reactions of the respective
pathways. Experimental data for oxygen profiles, the
dependency of the viable rim and oxygen consumption for
mouse breast carcinoma spheroids (EMT6/Ro) [21, 22]
were used to evaluate the respective strategies. All rate
equations with the respective parameters and references
are given in Supporting information, Supplement 1.

2.2 Kinetic model of cellular energy metabolism

2.3 Integrative tissue model of energy metabolism

The energy metabolism of a single tumor cell is described
by a detailed kinetic model encompassing the pathways
GLY, TCA cycle, and OXP and the compartments cytosol,
mitochondrion and extracellular space. Well-characterized mathematical models for cancer GLY [19] have been
published but no validated models of cancer metabolism
comprising glycolysis, TCA cycle and OXP are currently
available. Therefore, the kinetic equations for the enzymatic reactions and membrane transport processes were
based on a model of energy metabolism for neuronal tissue [20] but without inclusion of tumor-specific isoforms
(Fig. 2).
According to the model, ATP is produced in the glycolytic pathway (2 ATP per glucose) and in the presence
of oxygen by mitochondrial OXP, which is exclusively
fuelled by pyruvate that may either derive from glycolytic

The diffusion model is coupled with the single-cell kinetic metabolic models via the exchange of glucose, lactate
and oxygen between the cell i = 1,…Nc and the adjacent
extracellular compartments k = (i – 1) · Nf + 1,…,i · Nf . The
transport rates of glucose by the transporter GLUT, lactate
by the transporter MCT and oxygen between extracelluk → glc i: v
lar space k and cell i are given by glcext
GLUT (i, k),
k
i
k
o2ext → o2 : vO2T (i, k), and lacext → lac i: vMCT (i, k).
The concentration changes in the extracellular compartment k are the combination of diffusion transport and
exchange with the adjacent cell i:

glc
v Diff
( k  N ext ) 
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Figure 2. Single-cell energy metabolism. Overview of the detailed kinetic model of energy metabolism of the individual tumor cells comprising GLY, TCA
cycle and OXP. The model is compartmentalized in cytosol, mitochondrion and extracellular space. The strategy of ATP production depends on the actual
capacities of the individual cell for GLY ΦGLY and OXP ΦGOXP as well as the available nutrients and oxygen. Glucose (red), lactate (green) and oxygen (blue)
can be exchanged with the extracellular space. More detailed information is provided in Sect. 2 and Supporting information, Supplement 1. Reactions:
AAC, ADP/ADP carrier; AATC, aspartate aminotransferase cytosol; AATM, aspartate aminotransferase mitochondrion; ACN, aconitase; AGT, aspartate/glutamate transport; ALD, aldolase; ATPUSE, ATP utilization; C I, complex I – NADH-coenzyme Q oxidoreductase; C II, complex II – succinate-Q oxidoreductase; C III, complex III – Q-cytochrome c oxidoreductase; C IV, complex IV - cytochrome c oxidase; CS, citrate synthase; ENO, enolase; F1, F0F1-ATPase/
ATP-synthase; FUM, fumarase; GAPDH, glyceraldehyde 3-phosphate isomerase; GLUT, glucose transport; GLCUSE, glucose usage; GPI, glucose-phosphate isomerase; HK, hexokinase; IDH, isocitrate dehydrogenase; KGDH, α-ketoglutarate dehydrogenase; MAKT, malate/α-ketoglutarate transport;
MCT, monocarboxylate transporter lactate; MDHM, malate dehydrogenase mitochondrion; MDHC, malate dehydrogenase cytosol; O2T, oxygen transport;
O2TM, oxygen transport mitochondrion; PC, phosphate carrier; PDH, pyruvate dehydrogenase; PFK1, phospofructokinase 1; PGAM, phosphoglycerate
mutase; PGK, phosphoglycerate kinase; PK, pyruvate kinase; PYREX, pyruvate exchanger; SCS, succinyl-CoA synthetase; SDH, succhinate dehydrogenase;
TPI, triosephosphate isomerase. Ion channels and antiporter: Ca2+/2H+ antiporter, K+/H+ antiporter, Na+/H+ antiporter, Ca2+ channel, Cl– channel,
H+ channel, K+ channel, Na+ channel; Vmm, mitochondrial membrane potential. Metabolites: ACoA, acetyl coenzyme A; ADP, adenosine diphosphate;
aKG, α-ketoglutarate; Asp, aspartate; ATP, adenosine triphosphate; BPG13, 1,3-bisphosphoglycerate; C, cytochrome c; Cit, citrate; DHAP, dihydroxyacetone
phosphate; Fru6P, fructose 6-phosphate; Fru16P2, fructose 1,6-bisphosphate; Fum, fumarate; Glc, glucose; Glc6P, glucose 6-phosphate; Glu, glutamate;
GraP, glyceraldehyde 3-phosphate; IsoCit, isocitrate; Lac, lactate; Mal, malate; NAD, nicotinamide adenine dinucleotide; O2, oxygen; OA, oxaloacetate;
P, phosphate; PEP, phosphoenolpyruvate; PG3, 3-phosphoglycerate; PG2, 2-phosphoglycerate; Pyr, pyruvate; Q, coenzyme Q; Suc, succhinate; SucCoA,
succhinyl coenzyme A.

© 2013 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

1061

Biotechnology
Journal

Biotechnol. J. 2013, 8, 1058–1069

www.biotechnology-journal.com

k
dlacext
Vcell
lac ( k )  v
 v Diff
MCT ( i, k )
dt
Vext

atpc = 0.1 mM
(6)

The concentration changes in cell i are the combination
of cellular metabolism and exchange with the adjacent
extracellular volumes:
iN f
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f 1

atpi ≥ atpc ^ atp i+1 < atpc
Rc = dcell · i
The oxygen consumption in the viable rim was calculated as the sum of oxygen consumption of all cells in the
viable rim. The relative oxygen consumption was normalized relative to the maximal oxygen consumption under
conditions of minimal glucose supply of 0.8 mM and maximal oxygen supply of 120 mmHg in the supporting vessel.

3 Results
iN f



dlac i

dt
k  ( i 1)N

f 1

v MCT ( i, k )  v LDH ( i)

(9)

All simulations were performed with fixed numbers of
Nc = 25 cell layers, Nf = 5 extracellular compartments
per cell, Nxin = 78 intracellular metabolites per cell and
Nxout = 3 extracellular metabolites resulting in an ODE
system of Nc · Nxin + Nc · Nf · Nxout + Nxout = 2328 equations. The model was solved using LIMEX 4.2 with banded Jacobian techniques with absolute tolerance of 1E –6
and relative tolerance of 1E –3.

2.4 Strategies of energy production
Different strategies of ATP production were implemented
by varying the relative capacities of GLY ΦGLY (i) and OXP
ΦOXP (i) of the individual cells. Static strategies are those
where the capacities ΦGLY (i) = ΦGLY and ΦOXP (i) = ΦOXP
are independent of the location of the cell, whereas for
adaptive strategies the metabolic capacities ΦGLY (i) and
ΦOXP (i) vary with increasing distance from the blood vessel and towards the tumor core. As a boundary condition
for all strategies, the total capacity of ATP production was
assumed to be constant (ΦGLY (i) + ΦOXP (i) = ΦTOT (i)) and
ATP consumption assumed to be identical for all cells.
These assumptions were made to constrain the model to
one effective parameter per cell describing the ATP-producing strategy via either GLY or OXP.

2.5 Viable tumor rim and oxygen consumption
The extension of the viable rim Rc (peripheral belt of viable
cells) was defined by the condition that ATP exceeds a
critical threshold value. This condition is in line with the
observed decrease of ATP from the viable rim towards the
tumor core [12, 23] and previous work modeling the viable
rim by critical ATP levels [24]. The viable rim ranges to cell
i meeting the conditions
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First, we validated our model by comparing simulation
results with data on pO2 profiles, the thickness of the
viable rim and oxygen consumption rates determined at
various external glucose and oxygen concentrations in
mouse breast-cancer spheroids. We then tested distinct
metabolic strategies (static and adaptive) of energy production by varying the GLY and OXP capacities of the
cells (Fig. 3). Finally, gradients in cellular energy metabolism, of glucose, lactate and oxygen within the tumor
tissue (Fig. 4), pO2 profiles, data for the thickness of the
viable rim and oxygen consumption under various external glucose and oxygen availability (Fig. 5) were simulated with the best-fit model of zonated energy metabolism.

3.1 Warburg effect and metabolic reprogramming
The concentration gradients of nutrients and oxygen
between the blood vessel and the tumor core depend
strongly on the mode of ATP production (either GLY or
OXP) of the cells. Therefore, various strategies of energy
production with varying contributions of these pathways
to ATP production were evaluated. Static strategies were
compared to an adaptive strategy with increasing GLY
and decreasing OXP from the blood vessel towards the
hypoxic tumor core (Fig. 3A).
In contrast to normal tissues that produce around 90%
of their ATP via OXP with GLY accounting for the remaining 10%, in many tumors over 50% of the cellular energy
is produced in GLY [14, 25]. In line with these observations, the experimental data for pO2 profiles (Figs. 3B and
3C), of the viable rim (Fig. 3D) and oxygen consumption
(Fig. 3E) could only be reproduced under the assumption
of a high glycolytic capacity amounting to more than 50%
of total ATP production. Intriguingly, even the cells in layers close to the supporting blood vessel, having enough
oxygen available, required high glycolytic capacity to
explain the observed drops in oxygen towards the tumor
core. Consequently, only a fraction of the pyruvate produced in GLY was completely oxidized in the TCA cycle
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Figure 3. Metabolic strategies in tumor energy metabolism. (A) Metabolic strategy of energy production of the tumor cells with increasing distance from
the blood vessel to the tumor core. Glycolytic capacity for ATP production (ΦGLY) is depicted in blue, capacity of ATP production via OXP (ΦOXP) in red.
Static strategies assume identical capacities of the two pathways, whereas in the zonated strategy ΦGLY and ΦOXP are variable. Various static strategies with
increasing glycolytic capacity from top to bottom were compared to the zonated strategy. (B, C) Two representative pO2 profiles in EMT6/Ro spheroids
grown under different external oxygen and glucose conditions (round, grey borders) [21] and the respective model simulations for the measured oxygen
concentrations at the spheroid surface of (B) 120 mmHg oxygen for 20% oxygen at 1.8 mM glucose (black) and (C) 30 mmHg oxygen for 5% oxygen at
0.8 mM glucose (red). (D) Thickness of the viable rim (mean ± SD, n = 15–25) in EMT6/Ro spheroids cultured in media with four different glucose concentrations and 20% oxygen (black, solid) and 5% oxygen (red, solid) [21] and the respective model simulations for high (black, dashed) and low oxygen
(red, dashed). The experimentally determined viable rim is based on histological characterization; the simulated viable rim is defined by the ATP level
falling below a critical threshold (see Sect. 2). (E) Relative volume-related oxygen consumption rates (mean ± SE, n = 15–25) in the viable rim of EMT6/
Ro spheroids cultured in media with four different glucose concentrations and 20% oxygen (black, solid) and 5% oxygen (red, solid) from [21] and the
respective model simulations under high (black, dashed) and low pO2 (red, dashed).

© 2013 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim
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Figure 4. Metabolic gradients and energetic zonation. Steady-state solution
of extracellular metabolites and energy
metabolism with increasing distance
from the supplying blood vessel at blood
concentrations of 5.5 mM glucose,
30 mmHg oxygen and 1.4 mM lactate.
Simulations were performed with
zonated capacities for ATP production
with increasing capacity for GLY ΦGLY
and decreasing capacity for OXP ΦGOXP
towards the tumor core (see Fig. 3A).
The begin of the hypoxic tumor region is
marked by the blue dashed line indicating the first cell with O2ext 1 mmHg,
whereas the energetically critical tumor
region is marked by the grey dashed
line indicating the last cell with ATP
≥ 0.1 mM. (A) Decline of glucose with
increasing distance from the blood vessel. (B) Decline in oxygen with increasing distance from the blood vessel.
(C) Elevation of lactate with increasing
distance from the blood vessel. (D) Cellular energy state measured via ATP levels and mitochondrial membrane potential Vmm. With increasing distance from
the blood vessel ATP levels decline and
the mitochondrial membrane potential
increases, resulting in a drop in the energetic state towards the tumor core.
(E) ATP use (ATPU) and contribution
of OXP and GLY to ATP production.
(F) Pyruvate fluxes with increasing distance from the blood vessel. The pyruvate formed by GLY is either exported as
lactate (MCT), or fully oxidized in the
TCA cycle and OXP.

and OXP, resulting in high rates of lactate production even
in the presence of sufficiently high oxygen concentrations, the so-called aerobe GLY or Warburg effect.
Oxygen becomes a limiting substrate for OXP if its
concentration drops below 0.5% (~3 mmHg) [26]. On the
other hand, oxygen is required for numerous non-respiratory purposes as, for example, hydroxylases [27], protein
disulphide isomerases [28] and histone demethylases
[29]. This non-mitochondrial oxygen consumption
accounts for up to 10–30% of total cellular energy consumption [30, 31] and is essential for sterol synthesis and
oxidative protein folding, the processes involved in proliferation. Therefore, too low oxygen concentrations could
be one of the limiting factors for tumor growth [14] not
only because of ceasing OXP, an idea already brought forward almost 60 years ago by Thomlinson and Gray [32]. By
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switching energy production in large parts of the tumor
from OXP to GLY oxygen becomes accessible in more distant regions from the blood vessel (Figs. 3B and 3C) and is
available for non-energy-producing cellular processes
requiring oxygen. Hence, decreasing OXP and concomitantly increasing GLY, enables the tumor to enlarge the
region where oxygen concentrations are still high enough
to drive essential non-respiratory oxygen-consuming
reactions.

3.2 Zonation of energy metabolism
Besides the reprogramming of tumor metabolism to high
glycolytic capacities resulting in the Warburg effect, an
additional level of complexity is introduced in the regulation of metabolism via the modulation of pathway capac-
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Figure 5. Zonated metabolism. (A and B) Two representative pO2 profiles in EMT6/Ro spheroids grown under different external oxygen and glucose
conditions (round, grey borders) [21] and the respective model simulations (dashed) for the measured oxygenconcentrations at the spheroid surface of
(A) 120 mmHg oxygen for 20% oxygen at 1.8 mM glucose and (B) 30 mmHg oxygen for 5% oxygen at 0.8 mM. (C) Dependency of the capacities for GLY
and OXP from the mean tissue oxygen concentrations for the simulated blood glucose and oxygen concentrations. Glycolytic capacity for ATP production
increases, whereas capacity for OXP decreases with increasing hypoxia. (D) Viable rim thickness (mean ± SD, n = 15–25) in EMT6/Ro spheroids cultured
in media with four different glucose concentrations and 20% oxygen (black, solid) and 5% oxygen (red, solid) [21] and the respective model simulations
for high (black, dashed) and low oxygen (red, dashed). (E) Relative volume-related O2 consumption rates (mean ± SE, n = 15–25) in the viable rim of
EMT6/Ro spheroids cultured in media with four different glucose concentrations and media with high (black, solid) and low pO2 (red, solid) from [21] and
the respective model simulations under high (black, dashed) and low pO2 (red, dashed). (F) Fraction of aerobe GLY under varying glucose and oxygen concentrations calculated as quotient of aerobic GLY/total GLY within the viable rim.

ities depending on available oxygen and glucose concentrations within the tumor tissue. In line with this idea, the
best fit of the experimental data was achieved by assuming an energy metabolism with zonated pathway capacities comprising increased GLY and concomitant decrease
in OXP from the blood vessel towards the tumor core
under high glycolytic capacity (Fig. 3). This observation is
supported by the reported progressive up-regulation of
the glycolytic proteins from the surface layer towards the
hypoxic cells and the inner necrotic core in tumor spheroids [13]. In the hypoxic region and necrotic core or both
8 out of 12 glycolytic enzymes were up-regulated, and
none was down-regulated. Interestingly, static strategies
with similar mean glycolytic capacity as used in simulations with adaptive strategies performed also well in fitting the data. Despite constant capacities for GLY and

© 2013 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

OXP, an intrinsic zonation of the energy metabolism is
enforced by the tissue gradients of glucose, lactate and
oxygen, resulting in a down-regulation of GLY due to glucose depletion and the limitation of OXP due to oxygen
depletion in the hypoxic regions. The actual flux through
GLY and OXP depends strongly on the available metabolite concentrations and therefore may become substratelimited even at high pathway capacities.
Due to gradients of nutrients (glucose), waste products (lactate) and oxygen, the metabolic conditions
become more and more challenging with increasing distance from the blood vessel, resulting in metabolically and
energetically heterogeneous cell populations. A representative model simulation with zonated energy metabolism
(5.5 mM glucose, 30 mmHg oxygen, 1.4 mM lactate) is
given in Fig. 4, depicting the resulting steady-state ener-
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getic and metabolic gradients. The model reproduces the
typically observed decline in oxygen from the blood vessel towards the tumor core (Fig. 4B) [21, 22, 33] due to oxygen consumption in oxidative energy production (OXP,
Fig. 4E). Glucose concentration declines towards the
tumor core (Fig. 4A); the sugar is either used for glycolytic ATP production (GLY, Fig. 4E) or basic glucose usage
(GLCU, Fig, 4F), which accounts for around 20% of the
glucose taken up. This basal glucose consumption
accounts for numerous essential cellular processes, e.g.
synthesis of riboses for nucleotide synthesis, NADPH production via oxidative pentose phosphate pathway and
synthesis of fatty acids and cholesterol from acetyl-CoA
[15]. Lactate accumulates towards the tumor core
(Fig. 4C) due to high glycolytic activity even under aerobic conditions. The energy state of the cells, measured in
terms of ATP concentration and the mitochondrial membrane potential Vmm is progressively deteriorated towards
the hypoxic region and becomes critical when glucose is
depleted (Fig. 4D). The ATP production via GLY accounts
for around 60% of total ATP production close to the blood
vessel, with the remaining 40% from OXP, with glycolytic
ATP production increasing to 100% in the hypoxic region.
A large heterogeneity in glycolytic contribution exists
between different tumor cell lines and tumor types. A glycolytic ATP contribution of 60% under normoxia, a value
also estimated by Warburg [25], lies at the upper end of
reported values (hepatoma Novicoff 64% and mouse
ascites cancer 55%), compared to for instance 29–34% of
glycolytic ATP production in MCF-7 breast cancer cells
and Morris hepatoma 7777 cells and only around 10% for
many fast-growing cell lines [34, 35].
The flux of pyruvate to OXP is minimal compared to
the pyruvate generated in GLY and exported as lactate
(Fig. 4F). The largest amount of pyruvate is directly
exported under aerobic conditions because the high thermodynamic efficiency of OXP entails a small amount of
pyruvate to be sufficient to meet the ATP demand.

3.3 Model validation and virtual histology
The zonated model of energy metabolism reproduces
experimental data for oxygen profiles (Figs. 5A and 5B),
viable rim thickness (Fig. 5D) and oxygen consumption
(Fig. 5E) for a wide range of glucose and oxygen concentrations in mouse breast-carcinoma spheroids (EMT6/Ro)
[21]. The viable rim thickness increases with increasing
glucose and oxygen concentrations, whereas the size of
the necrotic core increases with decreasing glucose concentration in the medium in agreement with measurements [21, 36, 37].
Based on calculated metabolite profiles in the extracellular space we can define four distinct metabolic
regions: (i) A well-supplied region adjacent to the blood
vessel with relatively high concentrations of oxygen and
glucose harboring proliferating cells; (ii) an intermediate
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region with decreasing oxygen and glucose levels; (iii) an
inner area of hypoxic cells relying almost exclusively on
GLY; (iv) an inner necrotic core with critical drop of the
energy state. This metabolic heterogeneity is in line with
the histologically observed layers in tumor spheroids from
the outer layers towards the core [13], with four to five
lines of proliferating cells followed by quiescent and
hypoxic cells and an inner necrotic tumor core [12].

3.4 Oxygen-dependent regulation of zonated
energy metabolism
Hypoxia is as an important effector of gene and protein
expression and many proteins of GLY are known HIF-1
target genes [14, 38]. The adaptation to hypoxia by an
increase in glycolytic capacity and simultaneous decline
in OXP is a plausible mechanism to adapt energy metabolism to ambient oxygen concentrations. Therefore, we
were interested in the dose-response relationship
between extracellular pO2 and the relative share of OXP
and GLY capacities (Fig. 5C). The model predicts the
adaptation of the capacities of OXP and GLY to saturate
around 30 mmHg with a half-activation of around
~10 mmHg. These values are in line with average pO2 of
normal tissues usually exceeding 20 mmHg [39] and an
increase in the expression of many HIF-1-regulated
genes when oxygen levels drop below 10 mmHg [40].
Hence, our model simulation lend further support to the
concept that HIF-1-mediated control of enzyme activities
represents a key mechanism to achieve zonated energy
metabolism characterized by a shift of energy production
to increased GLY and decreased mitochondrial function
(OXP) [14].

4 Discussion
Our model-based study underlines the importance of
metabolism as one of the newly emerging hallmarks of
cancer [6]. The presented model predicts a strong metabolic reprogramming of cancer-energy metabolism
towards high glycolytic capacity compared to normal tissues. Consequently, the tumor as a whole clearly displays
the hallmark of the so-called Warburg effect, i.e. a high
rate of glucose consumption and lactate production in the
presence of sufficiently high levels of oxygen. The
assumption of a zonated energy metabolism consisting in
an increasing glycolytic capacity and concomitant
decreasing capacity of OXP towards the hypoxic tumor
core resulted in better fit of the experimental data compared to all other static strategies tested. On top of a high
basal glycolytic capacity, tumor cells appear to be metabolically reprogrammed depending on the actual oxygen
concentration in the tissue with HIF-1 being a crucial
player in adapting the pathway capacities of GLY and
OXP.
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Clear limitations in the utilized metabolic model of
tumor energy metabolism exist: (i) The presented study
concentrated on tumor-energy metabolism with glucose
as main carbon source not including glutamine, which
plays an important role for proliferating cells and in tumor
metabolism [41]. Glutamine can either be metabolized
oxidatively after entering the TCA cycle as alpha-ketoglutarate, playing an important role as anaplerotic substrate, or can be metabolized reductively via the reverse
isocitrate dehydrogenase reaction to provide glutaminederived citrate for fatty acid synthesis [42]. Recent findings show that reductive glutamine metabolism becomes
especially important under hypoxic conditions [43, 44] or
in cells with defective mitochondria [45], resulting in a
switch from glucose-derived to glutamine-derived citrate.
Furthermore, glutamine can be involved in NADPH
metabolism and as a source of lactate. Future work has to
incorporate glutamine metabolism for modeling the interplay between glucose and glutamine as carbon and energy sources under varying oxygen conditions. (ii) A prerequisite for tumor-cell proliferation is the synthesis of
macromolecules, including nucleotides, lipids and proteins from precursors, all processes closely linked to the
energy metabolism. The presented model is limited to
central energy metabolism not including these anabolic
pathways, which will also influence the actual ATP
demand of the cells, depending on their proliferation
state. (iii) The model of energy metabolism was designed
for neuronal tissues and is not adapted to the isoenzyme
expression patterns of tumor metabolism, which can have
strong regulatory implications for the analyzed tumorenergy metabolism.
The blood supply to tumors is spatially heterogeneous
due to impaired tumor vascularization. This results in the
existence of chronically hypoxic tumor regions. Moreover,
temporal fluctuations of blood supply reported for tumors
may give rise to cyclic phases of hypoxia [46, 47] and of
nutrient availability, defining highly fluctuating and heterogeneous metabolic tumor microenvironments [23]. As
a result, most tumors contain both highly perfused areas,
which are rapidly growing, and areas with impaired perfusion, associated with necrosis. The strong selective
pressure on mutagenic cancer cells to cope with these
heterogeneities could select for cells with high basal glycolytic capacity [57]. These cells could survive and even
proliferate in the front region in temporary phases of
hypoxia and be better suited to cope with these heterogeneities and the major gradients of critical metabolites
such as oxygen, glucose, lactate, as well as other nutrients like glutamate, hormones and growth factors – a
microevolution driven by challenging metabolic conditions.
Possible future applications of the presented model
are simulations of the effect of these spatio-temporal fluctuations on the tumor energy metabolism, the viable rim
and oxygen consumption or the in silico evaluation of the

© 2013 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

metabolic effects of inhibitors of GLY or OXP [48, 49].
Metabolic zonation not only plays an important role in
cancer, but also in normal tissue function, for instance in
the liver [1, 2]. The presented framework of tissue-scale
modeling by integration of single-cell kinetic models with
models of extracellular transport can easily be adapted to
model the zonated metabolism of other tissues, e.g. of the
liver displaying a strong metabolic zonation of hepatocytes along liver sinusoids [1, 2]. An intriguing question
to be addressed by such a zonated metabolic model of
hepatic sinusoids pertains to the relative role of periportal
and perivenous hepatocytes in the regulation of the blood
glucose level [51].
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