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Multi-Scale Modeling and Oxygen Impact on
Tumor Temporal Evolution: Application on

Rectal Cancer During Radiotherapy
Séna Apeke , Laurent Gaubert, Nicolas Boussion, Philippe Lambin,

Dimitris Visvikis, Vincent Rodin, and Pascal Redou

Abstract— We present a multi-scale approach of tumor
modeling in order to predict its evolution during radiother-
apy. Within this context we focus on three different scales
of tumor modeling: microscopic (individual cells in a voxel),
mesoscopic (population of cells in a voxel) and macro-
scopic (whole tumor), with transition interfaces between
these three scales. At the cellular level, the description is
based on phase transfer probabilities in the cellular cycle.
At the mesoscopic scale we represent populations of cells
according to different stages in a cell cycle. Finally, at the
macroscopic scale, the tumor description is based on the
use of FDG PET image voxels. These three scales exist
naturally: biological data are collected at the macroscopic
scale, but the pathological behavior of the tumor is based
on an abnormal cell-cycle at the microscopic scale. On the
other hand, the introduction of a mesoscopic scale is essen-
tial in order to reduce the gap between the two extreme,
in terms of resolution, description levels. It also reduces
the computational burden of simulating a large number of
individual cells. As an application of the proposed multi-
scale model, we simulate the effect of oxygen on tumor
evolution during radiotherapy. Two consecutive FDG PET
images of 17 rectal cancer patients undergoingradiotherapy
are used to simulate the tumor evolution during treatment.
The simulated results are compared with those obtained
on a third FDG PET image acquired two weeks after the
beginning of the treatment.
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I. INTRODUCTION

CANCER is responsible for more than 8 million
deaths worldwide each year (WHO fact sheet, updated

January 2015). It is proved that the association of early
diagnosis and prediction has a significant impact on overall
survival rates [1]. Consequently the development of predictive
and prognostic models for cancer treatment represents a field
of increasing interest. Within this context the incorporation of
tumor growth modelling, including interactions with response
to treatment, is an essential element of prediction and prog-
nosis models. A plethora of such tumor growth models has
already been proposed and can be classified according to their
theoretical framework; namely deterministic models, stochas-
tic models [2]–[6] or agent-based models [7]. A model is deter-
ministic if one considers that the system which is modelled is
deterministic, i.e. a system in which no randomness is involved
in the prediction of future states of the system. A deterministic
model will thus always produce the same output from a given
initial state. If one considers that the evolution of the system
is based on random phenomena, the associated model which
predicts its evolution is stochastic. Finally, the agent-based
modelling or simulation is segmented in various entities which
interact: each agent represents an individual or a group of
individuals.

The currently proposed continuous stochastic models for
tumor growth [8], [9] are not intended to describe the inter-
actions between the various scales which can intervene, and
which represent one of the main issues for describing bio-
logical and radio-biological phenomena. On the other hand,
although modelling at the macroscopic scale aims at predicting
the overall tumor behaviour, system observations are made
on cell groups for discrete models, or on cell densities for
continuous models [10].

As such, one of the major difficulties in tumor growth
modelling is the relationship between the microscopic and
macroscopic model states. One may consider starting from
a microscopic scale with the simulation of a large number of
cells and their evolution in order to reach the observations
at a macroscopic level. However, the number of cells needed
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for such an approach leads to a computational burden which
is too high to be of any clinical relevance. On the other
hand, the consideration of a smaller number of cells clearly
compromises the accuracy of the model at the macroscopic
level. For continuous models an intermediate phase can be
used, known as the kinetic or mesoscopic scale, which induces
a probability distribution. A mesoscopic scale is closely asso-
ciated with inputs from both macroscopic (global patient data)
and microscopic (cellular) scales.

The first aim in this work is to provide a consistent and
explicit multi-scale model, embedding interfaces between the
different description levels. In addition, an analysis of algo-
rithmic complexity points to the interest of a mesoscopic scale
from a computational efficiency point of view. A second goal
of this work is the application of the proposed model to tumor
growth and response to radiotherapy outcome prediction,
using the tumor oxygen pressure as an adjustment parameter.
Many previous studies have focused on the prediction of
the variation in the number of proliferating, hypoxic and
necrotic cells according to oxygen pressure distribution, which
in turn depends on many different parameters (for example the
HIF-1alpha factor [11], the activation of a signal for cell apop-
tosis or quiescence [12]). Heterogeneity of oxygen pressure is
also a factor which allows to distinguish various tumor cell
classes [5], [11], [12]. In this work we have used a two step
evaluation process for the proposed model within the specific
context of radiotherapy treatment. Based on the first two
FDG PET images of a patient under treatment, we estimate
an oxygen pressure level using the proposed model. In this
first step, the proposed interface between macroscopic and
microscopic scales is assessed, with the use of the oxygen
pressure as a parameter which influences the cellular transition
probabilities within a cell cycle. Finally, the total number
of simulated tumor cells is compared to the one obtained
when using clinical FDG images acquired at day 15 of the
radiotherapy treatment protocol.

II. MATERIALS AND METHODS

A. Model Description and Conception

In this section we present the three different scales used in
the proposed modelling paradigm. The time variable is denoted
by t , but for the sake of simplicity we will often omit this
variable. For instance, a variable x(t) that evolves along time
will often be referred to as x .

1) Macroscopic Scale E1: The data used in this study at the
macroscopic scale are FDG PET images, routinely in use for
diagnosis, staging, and response to therapy assessment [13].
At this scale, the model is constructed using the following
components:

• Parameters: the number of voxels in an FDG PET image
is Nvox = Nx × Ny × Nz , where Nx , Ny and Nz are the
number of voxels in each direction;

• Variables: intensity in each voxel is denoted by ivox .
2) Microscopic Scale E3: As mentioned earlier, in order

to handle tumor growth at this scale, the approach is based
on the cellular division principle and managed cell by cell.
Indeed, metabolism, nutrition and cellular death (natural

Fig. 1. Different phases of cell cycle annotated as they are used within
the proposed model; t_c is the cell cycle time period (here t_c = 28h).

or not) are all phenomena that take place at the cellular scale
and are strongly involved in cellular division. Cell division
probability and cell survival probability after radiotherapy
depend, amongst other parameters, on the oxygen pressure
and are thus estimated at the microscopic scale. Since one of
the main attributes of a cell is its state within the cell cycle,
we briefly recall here the different states of a mammalian cell:

• Gap 0 or G0 is the quiescent state of a cell, a resting
phase when it has left the cycle and stopped dividing;

• In Gap 1 or G1 phase, the cell grows in size;
• S is the synthesis phase where DNA replication occurs;
• G2 is the phase between DNA synthesis and mitosis,

the cell will continue to grow in this gap;
• Mitosis or M is the last phase of cell division. Cell growth

stops at this stage and cellular energy is focused on the
orderly division into two daughter cells.

Based on [14], we suppose here that the cellular cycle lasts
28 hours; on average, a cell spends 16 hours in G1 phase,
8 hours in S phase, 3 hours in G2 phase and finally one hour
in the mitosis phase (Figure 1). A cell which is in none of these
stages is quiescent or dead. Regarding the transition processes,
there are three specific steps: two random tests that control
transitions from G1 to S and from G2 to M and a random
test of survival after radiotherapy. The simulation time step
was chosen as 1 hour long.

More precisely, let us consider a cell that has just arrived
in phase G1. The first time the transition process is applied,
it simply increases the time spent in the phase by 1, and so
on until the cell has spent 15 hours in phase G1. At this
time, the process randomly decides whether the cell stays
in phase G1, having spent 16 hours there, or if it goes into
S phase, with a “spent time” equal to 16. Transition from S
to G2 is automatic, but at the end of G2 there is a similar
random test. Tests at checkpoints (Figure 1) are modelled
by the Bernoulli’s Law B(p) and the probability p for both
transitions (from G1 to S and from G2 to M) depends on the
level of oxygen pressure. The transitions G1/S and G2/M are
strongly influenced by the environment in which cells evolve
and divide, in particular by hypoxia [15]. We thus model these
transitions by Gompertz distribution [16] depending on the
pO2 level, as in [5].{

p = P(pO2)

= C. exp (− exp ([−B(pO2 − pOin f l
2 )])) (1)
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where, C is the superior asymptote, B the growth rate, pOin f l
2

represents the pO2 value at curve inflexion point and pO2 the
oxygen partial pressure [5].

Regarding treatment response modelling, a cell in any phase
of the cellular cycle can die or survive according to the
delivered dose. A linear-quadratic model (LQM, see [17], [18])
was used to assess the survival probability of a given cell after
irradiation, as in [19] or [20]:

Psurv ival(Dose) = exp

(
−α Dose

(
1 + Dose

β

α

))
(2)

where, α and β are coefficients of radio-sensitivity. These
parameters have been considered constant throughout the treat-
ment, given that there is currently no consistent radiobiological
data demonstrating their potential temporal evolution during
treatment [21]. Since proliferating cells are less resistant to
radiotherapy compared to hypoxic cells, the LQM [20] model
depends on the oxygen partial pressure available for one
cell or for the cell population:⎧⎪⎪⎨

⎪⎪⎩
z =

(
1 + β

α
· Dose · O M F(pO2)

)
q = Psurv ival(Dose, pO2)

= exp (−αDose · O M F(pO2) · z)

(3)

In these formulas, q is the surviving cells fraction after irra-
diation and the Oxygen-dependent Modification Factor (OMF)
[5], [6] is given by pO2:

O M F(pO2) = m · pO2 + k

m(pO2 + k)
(4)

where, m is the maximum ratio and k is the pO2 at half of
the increase from 1 to m [5].

At this scale and for each voxel, the model can be therefore
summarized by the following components:

• Parameters are radio-sensitivity coefficients α and β [5],
oxygen pressure pO2 and the dose delivered at each
fraction, Dose;

• Variables will be presented as lists (xi )i=1...Ncell for each
voxel, with every cell represented by two attributes;
namely the phase of cellular division is denoted by X
(X ∈ {G0, G1, S, G2, M}), and the time spent in this
phase h;

• Rules: the evolution of a cell is based on rules detailed
above.

3) Mesoscopic Scale E2: As already mentioned the aim
of this intermediate modelling scale is to allow an efficient
compromise between accuracy and computational efficiency.

At the microscopic scale E3, the transition process is applied
to every single cell, which induces numerous computational
loops and random numbers generation. A simple alternative
is to factorize the application of the transition processes. For
example, all cells that have spent one hour in phase G1 will
evolve in the same way: the phase remains the same, and
the time spent in this phase is incremented. Therefore, it is
efficient to create a variable that stores the number of cells
that have spent one hour in phase G1, and so on. Regarding
the cells that may or may not pass a checkpoint, the transition
process involves the generation of random numbers, one for
each cell. Considering the variable that represents the number

of cells that will attempt to pass the checkpoint, we can
observe that the number of cells that succeed in this test is a
binomial random variable. Thus one may significantly increase
the speed of the process by approximating this random variable
by a Gaussian one, when appropriate.

More precisely for each cell, the transition tests from G1
to S or from G2 to M are modelled by a random variable
Xi with Bernoulli distribution B(p). Therefore, the number
of cells which succeed the test at checkpoint �1 (see Figure 1)
and will be at the following time step in the synthesis phase is
a random variable Z which follows binomial distribution with
parameters N (15)

G1
(number of cells at step 15 of G1), and p:

Z =
N15

G1∑
i=1

Xi ↪→ B
(

N15
G1

, p
)

(5)

The number of cells in the different phase compartments is
generally much larger than 50, so if we assume that the
probability of success of the test is neither close to 0, nor to 1,
we can approximate the binomial distribution Z by a normal

distribution with parameters pN15
G1

and
√

p(1 − p)N15
G1

, i.e.

Z ↪→ Y = N
(

pN15
G1

,
√

p(1 − p)N15
G1

)
(6)

A comparable approximation is defined at checkpoint �2.
In a similar way, right after a radiation dose delivery, since
a fraction of all cells will die, the cell number in each sub-
population is given by a normal distribution (6):

N
(

q NX ,
√

q(1 − q)NX

)
(7)

where, q is given by (3) and X ∈ {G0, G1, S, G2, M}.
Accordingly, we specify the model at this scale with the

following components:
• Parameters α and β, oxygen pressure pO2 and Dose are

the same as described above;
• Variables: Nh

X is the number of cells that have been in
phase X for h hours (X ∈ {G1, S, G2, M}) and NG0 the
number of cells in quiescence phase;

• Rules: for simplicity, we use the following notations; NX

is the number of cells in phase X and NX/Y is the number
of cells which go from phase X to phase Y. The following
equations describe the evolution of the system state, i.e.
the tumor evolution.

N0
G1

(t + 1) = 2N27
M (t) (8)

N j+1
G1

(t + 1) = N j
G1

(t), 0 � j � 13 (9)

N15
G1

(t + 1) = N14
G1

(t) + N15
G1

(t) − NG1/S(t)︸ ︷︷ ︸
test= f alse

(10)

N16
S (t + 1) = NG1/S(t) (11)

N j+1
S (t + 1) = N j

S (t), 16 � j � 22 (12)

N24
G2

(t + 1) = N23
S (t) (13)

N25
G2

(t + 1) = N24
G2

(t) (14)

N26
G2

(t + 1) = N25
G2

(t) + N26
G2(t) − NG2/M (t)︸ ︷︷ ︸

test= f alse

(15)

N27
M (t + 1) = NG2/M (t) (16)

NG0 (t + 1) = NG0 (t) − NG0/G1(t) + NG1/G0(t) (17)
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TABLE I
LIST OF PARAMETERS USED IN THIS WORK

Equations (8) - (10) update the number of cells in every
compartment of the phase G1 every hour, NG1/S(t) repre-
sents the number of cells which have been successful at the
checkpoint test from compartment 15 of G1 phase to the
first compartment of synthesis phase S. Equations (11) - (16)
update each hour the number of cells in every compartment
of phases S, G2, M and G0. NG2/M (t) represents the number
of cells which have been successful at the checkpoint test
from compartment 26 of G2 phase to the first compartment
of mitosis phase M . Regarding equation (17), the transition
G1/G0 is based on the level of pO2. If pO2 in G1 is very
low (<2 mm Hg), cells remain blocked in G1, in other words
they are in quiescence, otherwise they continue the stages of
the division.

B. Scale Interfaces

This section describes the interactions between the different
scales and associated variables.

1) From Macroscopic to Mesoscopic Scale E1 −→ E2:
In a voxel, given ivox , one computes the number Ncell of
tumor cells (see equation (22) below). Subsequently, one must
divide this number among all the variables of the mesoscopic
scale: Nh

X , with X ∈ {G1, S, G2, M, G0} and 0 ≤ h ≤ 28,
as described in equations (8) to (16). Since the mesoscopic
model is a Markov chain, we assume an initial stationary
distribution λ (see appendix for details). Thus, let λ =
(λ0

G1
, λ1

G1
, . . . , λ27

M , λ28
G0

) ∈ R
29 be this stationary distribution

of the Ncell cells in the various phases of the cellular cycle.
We assign the variables at the mesoscopic scale in the

following way (where �·� is the floor function):

Nh
X = �Ncell · λh

X� (18)

where, X ∈ {G1, S, G2, M, G0}, 0 ≤ h ≤ 28. This may be
written as:

N = �Ncell · λ� (19)

where, N = (Nh
X )h,X

2) From Mesoscopic to Macroscopic Scale E2 −→ E1:
Given the mesoscopic variable N , denoting the distribution
of the cells in the different phases of the cell cycle in a
voxel, the macroscopic variable Ncell is the sum of all the
components of N :

Ncell =
∑
h,X

Nh
X (20)

from which we deduce ivox (equation (22)).

3) From Mesoscopic to Microscopic Scale E2 −→ E3: Given
the mesoscopic variables Nh

X , one must obviously attribute
exactly Nh

X cells with the corresponding attributes: the phase
is X and the time spent in this phase is h.

4) From Microscopic to Mesoscopic Scales E3 −→ E2: Given
the list of individual cells in an image voxel, a mesoscopic
variable Nh

X is simply the number of cells which have been
in phase X for h hours.

C. Mesoscopic vs Microscopic

A comparison between microscopic and mesoscopic scales
is considered in this study, from a computational complexity
point of view. The mesoscopic model algorithmic complexity
is based on equations (8) to (17). This complexity is thus
constant whatever the value of Ncell , whilst in the microscopic
scale, the loop on the evolution of cells in the various phases
of the cellular cycle is handled cell-by-cell, each cell executing
various functions. These functions include checkpoint tests
and cell division functions, for which time complexity varies
linearly with Ncell . These functions being called Ncell times,
this leads to an execution time of the algorithm which grows
as Ncell · update(Ncell ), i.e. at the microscopic scale the
algorithm has a running time that grows proportionally to
update(Ncell) · Ncell . update(Ncell ) is a function that updates
Ncell at each iteration step. This function has the following
shape:

update(Ncell) = ς · Ncell (21)

where, 0 < ς < 1 during radiotherapy.

D. Application Using Clinical PET Images

FDG PET images and a fixed oxygen pressure distribution
were the input data of the proposed model. The output was
given by altered FDG images in which the total number
of tumor cells was also computed. Three FDG PET images
(Figure 2) were acquired for each of the 17 patients included
in this study. The first image was acquired several days before
the first treatment day (min 4 days, max 11 days). The second
and third images were acquired one week and two weeks after
the beginning of the treatment respectively. For each patient
the prescribed radiotherapy dose was 45 Gy in total, delivered
daily from Monday to Friday during 5 weeks (1.8 Gy per day)
except weekends. FDG images were segmented using FLAB
(a Bayesian-based functional image segmentation algo-
rithm [24], [25]) in order to ensure the model and associated
simulation are applied only on the tumor region of interest.
This segmentation algorithm has been extensively used in PET
imaging for the segmentation of tumor functional volumes,
showing improved accuracy, reproducibility and robustness
relative to thresholding approaches [24].

We assumed that the number of tumor cells is propor-
tional to the glucose consumption as previously considered
by [5] and [19]. In order to calculate the initial number of
active cells in each image voxel, the voxel with the maximal
intensity was supposed to contain only active and capillary
cells. Fractions of capillary cells and active tumor cells were
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Fig. 2. Example of FDG PET images (rectal cancer).

Fig. 3. Segmentation of the Figure 2 to get the tumor regions of
interest (the tumor).

μc = 3.6% and μt = 96.4% respectively [20]. Denoting
by imax the maximal intensity among all voxel intensity
values, the number of active cells (Ncell ) in each voxel is
given by:

Ncell = ivox

imax
· voxel_v · μt · 106 (22)

Therefore, a modified PET image can be obtained at every
moment during the simulation process by simply taking into
account the updated value of Ncell .

E. Model Evaluation

The first two FDG PET images were used to infer the
oxygen pressure distribution map, and subsequently used to
simulate the tumor evolution during the treatment. The sim-
ulated results were compared to those obtained on the third
FDG PET image acquired two weeks after the beginning of
the radiotherapy treatment.

More precisely, this oxygen pressure distribution was esti-
mated by comparing the modelled and clinical FDG images
after 8 days of treatment. To this end, the predicted and
clinical total number of tumor cells are denoted respectively
by Np and Nc , and given by:

NL =
Nvox∑
k=1

∑
X∈{G0,G1,S,G2,M}

Nk
X,L (23)

where, L ∈ {p, c}.
Thus, the correlation between these two numbers is

defined by:

correlation(%) =
(

1 − |Np − Nc|
Nc

)
· 100 (24)

To estimate the oxygen partial pressure distribution, four
classes of voxels were considered, according to their inten-
sity. For each voxel, one calculates the number of cells
it contains. The same value of partial oxygen pressure was
assigned to all voxels whose number of tumor cells belongs
to the same interval. This value is considered as the average
oxygen partial pressure in this interval. Concretely, for a given
patient image, we calculate the intensities: minimum (imin ),
first quartile (iQ1), median (imed ), third quartile (iQ3) and
maximum (imax). Then, in each voxel, pO2 is defined as
follows:

pO2 =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

u1, if imin ≤ ivox ≤ iQ1

u2, if iQ1 < ivox ≤ imed

u3, if imed < ivox ≤ iQ3

u4, if iQ3 < ivox ≤ imax

(25)

where, ui denotes the value of the partial pressure of oxygen
for all i (i = 1, 2, 3, 4). The optimal quadruplet (u1, u2, u3, u4)
was determined by using the correlation between the simulated
and acquired images at the 8th day after the first irradiation.
Before calculating the optimal values of ui , we studied a
sensitivity analysis of these values on the output of the model,
using Sobol sensitivity indices [26], [27]. The idea of this
method is to quantify the importance of an input parameter on
the variance of Y = f (u), considered as a random variable.
Y is a scalar output of the model, namely:

Y = f (u) =
(

1 − Np(u)

Nc

)2

, u = (u1, u2, u3, u4) (26)

Denote by Ui , i = 1, 2, 3, 4, the independent random
variables with the same law (uniform law in this study), whose
realizations are the inputs ui . To evaluate the importance
of an input parameter on the variance of Y , Sobol studies
the conditional variance of the output Y , for a given ui :
V (Y |Ui = ui ). This raises the problem of the choice of ui .
To solve this problem, it considers the possible values of ui ,
calculating the variance of the conditional expectation of Y
given Ui : V (E[Y |Ui ]). Thus, the first order Sobol’s indice of
the parameter ui is given by:

Si = V (E[Y |Ui ])
V (Y )

(27)

These indices were calculated using a Monte Carlo method,
for integral computation approximation. See article [26], [27]
for the calculation of the total sensitivity indice of a
parameter.

It should be noted that the data used in this study were
acquired over a period of two-weeks; one week between the
initial image (pretreatment) and the image at the 8th day after
the start of treatment, followed by one extra week for the
image acquired at the 15th day after the start of treatment. This
two weeks, period being short (except for agressive tumors),
so that we assume the partial pressure distribution of pO2 is
constant over time.

The oxygen pressure distribution which led to the best
correlation was used in the simulation until the end of the
radiotherapy treatment session. Mesoscopic data for each
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Fig. 4. Execution time for the microscopic and the mesoscopic models
as a function of the number of tumor cells in a voxel.

simulation, i.e. the initial distribution of cells amongst phases
of the cycle, were calculated by using the interactions between
scales. The oxygen pressure distribution was then changed
iteratively by using a gradient method, in order to determine
the distribution which led to the best correlation between real
and simulated total number of tumor cells after 8 days of daily
radiotherapy.

III. RESULTS

A. Complexity Analysis

To compare the complexity and associated computational
efficiency of the models at the microscopic [5] and mesoscopic
scales, both models were executed using the same conditions
and computer architectures.

According to equations (8) - (17) and the successive
functions called in the simulation of these equations, the com-
plexity of the mesoscopic model was in the affine form:

Complexi tyMeso = a1 × Nvox + a2 (28)

Similarly, based on [5], the microscopic model complexity
was in the form:

Complexi tyMicro = Nvox ·
(
ς · N2

cell + b1 · Ncell + b2

)
(29)

where, Nvox is the number of voxels in the ROI, a1, a2, b1, b2
are positive constants.

To illustrate this result, a comparison of computation times
was performed with respect to the number of tumor cells
ranging from 6.103 to 0.1 × 106 inside a single voxel.
As one can notice from Figure 4, the execution times for the
mesoscopic model are independent from the simulated number
of cells. For a single voxel, the computational time of the
microscopic model has a parabolic growth, while that of the
mesoscopic model remains constant with increasing number of
cells.

B. Estimation of the Average Tumor Oxygen
Partial Pressure

The results for the sensitivity analysis are presented
in Table II. As shown in this table, u3 and u4 are very sensitive,
i.e. a small variation of u3 and u4 leads to a non-negligible
variation of the output of the model. This result is normal,

TABLE II
THE FIRST ORDER EFFECTS AND TOTAL EFFECTS FOR

SENSITIVITY ANALYSIS OF THE VALUES ui

TABLE III
OXYGEN PARTIAL PRESSURE DISTRIBUTION ESTIMATION USING THE

MESOSCOPIC MODEL, RESULTS WERE OBTAINED BY COMPARING

THE CLINICAL IMAGES AFTER THE 8th DAY OF TREATMENT

OF 17 RECTAL CANCER PATIENTS WITH THE

CORRESPONDING SIMULATED

IMAGES (EQ 24)

since they correspond to the values of pO2 in the voxels where
there are more tumor cells, allowing to evaluate the smooth
running of the model. The resutls of optimal values which
characterize the optimal distribution of the pO2 for all the
patients, were presented in Table III.

C. Simulation of the Temporal Evolution of
Tumor Cells Population

Using the optimal distribution of the oxygen partial pressure
as the input of the model, we have evaluated the evolution of
the total number of tumor cells. Figure 5 shows the temporal
evolution of the total number of tumor cells. In Figure 5(a)
one can notice the increase in the total number of tumor
cells between time 0 and time 185 h which corresponds to
the period before the first radiotherapy dose delivery. After
this initial phase, the effect of radiotherapy becomes visible
with daily decreases of tumor cells followed by a recovery
corresponding to the period without treatment. Similar results
for specific cells in each phase of the cellular cycle are showed
in Figure 5(b). Figure 6 shows the tumor FDG PET images
corresponding to patient 11; (a). clinical images: before, one
week and two weeks after the start of radiation treatment,
and (b). simulated after one and two weeks of treatment.
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Fig. 5. The evolution of tumor cell number during the treatment according
to the optimal pO2 distribution for patient 11; (a). global and (b). in each
phase of the celular cycle.

Fig. 6. (a) Clinical and (b) simulated images for patient 11.

A comparison between the acquired (Figure 6(a) Day 15)
and predicted (Figure 6(b) Day 15) FDG images shows a
similar behavior in terms of tumor size.

Correlations between the global number of tumor cells in
predicted and clinical FDG PET images during radiotherapy
treatment is shown in Table IV. As shown in this table, almost
all correlations between the measured and predicted popula-
tions, at 8th day after the beginning of the treatment, are higher

TABLE IV
THIS TABLE SHOWS, ACCORDING TO THE OXYGEN DISTRIBUTION

VALUES GIVEN IN TABLE III, THE CORRELATION BETWEEN THE

GLOBAL NUMBER OF TUMOR CELLS IN PREDICTED AND

CLINICAL FDG PET IMAGES AFTER 8 AND 15 DAYS OF

TREATMENT (2nd AND 3rd COLUMN RESPECTIVELY)

than 90%, while for the 15th day after the beginning of the
treatment, the statistics are as follows: for 10/17 patients there
is a high global correlation (considering both 8 and 15 days
into the treatment) superior to 80%, for 4/17 patients an
averages correlation of 60 − 80%, and for 3/17 patients a
global correlation of <60%.

IV. DISCUSSION

In this study, FDG PET images acquired from 17 patients
were used to evaluate a new model for the simulation of tumor
growth and response to radiotherapy treatment. Two major
objectives included a new interfacing approach between micro-
scopic and macroscopic scales, as well as demonstrating the
impact of oxygen pressure in such a modelling approach. The
population scale modelling for simulation of tumor growth
presented in this study demonstrates an interest compared to an
individual microscopic scale model, in terms of computational
efficiency without loss of accuracy. Indeed, the voxel size
in PET images leads to millions of cells per voxel if one
considers the usual 106 cells per mm3 density commonly
referred to in the literature [20]. Managing each individual
cell, particularly within the context of treatment, becomes ever
more complicated when one considers that such treatments
can last several weeks. The associated computational times of
the model at mesoscopic scale allow fast tests at the cellular
level to be carried out, such as tracking the number of cells
in phases G2 and M of cellular division to optimize the
radiotherapy treatment planning. We have shown in this work
that based on two FDG PET images (baseline and at 8 days
into radiotherapy treatment) the proposed model was capa-
ble to approximate the overall heterogeneous oxygen partial
pressure within the tumor. Therefore although the proposed
model is able to accurately predict the tumor cell evolution
during treatment (see Figure 5), their spatial distribution varies
between the acquired and simulated images. This deviation
may be due to the lack of modelling of specific mechanical
processes in the tumor growth both within the tumor but
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also in its environment (neighbouring tissue and organs).
Such a modelling is necessary to be able to appropriately
constrain or increase the spatial distribution of tumor cells
during treatment.

In this study, oxygen was considered as an important
factor in tumor growth as well as in tumor response during
radiotherapy. Although, tumor oxygen distribution is not the
only parameter influencing radiotherapy outcome, it is con-
sidered as one of the most critical. Oxygen has a major role
in cell division, notable as a regulator of hypoxia-inducible
factor 1 (HIF-1) and of vascular endothelial growth fac-
tor (VEGF) [28]. It has been also clearly established that
well-oxygenated solid tumors respond more favorably to radio-
therapy than hypoxic ones [29]. On the other hand, it could be
appropriate to consider the dynamic changes of the intra-tumor
oxygen distribution since it may change during treatment
for numerous reasons, such as for example neoangiogenesis.
Within this context, hypoxic tumor areas have been reported to
include chronic and acute hypoxia [30], [31], with the potential
of acute hypoxia changes every few hours or days. However,
simulation and imaging studies studying the reproducibility
of tumor hypoxia measurements have not demonstrated any
effects of acute hypoxia within a few days interval [32], [33].

In the current study, temporal heterogeneity of the oxygen
partial pressure was not taken into consideration, since the
available image dataset used in this work was acquired over
a relatively short period of time (0-15 days into treatment).
On the other hand, the proposed model framework is suffi-
ciently flexible to allow the integration of other aspects in
the future, one of them being the temporal variation of the
pO2 intra-tumor distribution. The three model scales and their
interactions are indeed a sufficiently versatile structure to allow
temporal variation of specific biological parameters and their
impact. This representation is also particularly relevant for
tumor growth modeling based on medical imaging. In other
words, a realistic approach would be, if available, to incor-
porate as an input to the model, information derived from
images monitoring different physiological processes. As an
example, one can consider the use of [64Cu]Cu-ATSM or
[18F]F-MISO PET images in order to obtain data specific to
tumor hypoxia [34], [35]. Furthermore, if such image acquisi-
tions are available throughout the radiotherapy treatment they
could be also used to account for the dynamic changes in such
physiological processes and their influence in the proposed
tumor growth model.

Inflammation is another potential phenomenon that may
alter tumor oxygen distribution during radiotherapy [36]–[38].
Although inflammation induced by radiotherapy may also
have a potential impact on the signal observed in the FDG
images, this point was not taken into account in this study
because of the lack of specific data regarding rectal cancer.
In addition, available data in other cancer models suggests
otherwise. Despite been widely considered that reliable FDG
PET images cannot be obtained before a few months after
radiation therapy due to inflammatory changes, it has been
previously demonstrated in lung cancer patients that PET
obtained during radiotherapy (7-14 days into treatment) can

identify areas of residual metabolically active tumor [39], [40].
Additionally, it has been shown that this response detected on
early FDG PET correlates with final PET response 3 months
after completion of treatment.

Tumor spatial localisation, motion and overall shape have
not been considered in the presented model, since the precise
overall PET image simulation was not a primary objective of
this work. In the present work the model evaluation was based
on the prediction of the total number of tumor cells. Future
work will consider cellular changes in relation to image voxels
in order to accurately handle overall tumor size and shape
evolutions during treatment.

V. CONCLUSION

An efficient and accurate multi-scale model was proposed
for tumor representation and simulation of its temporal global
evolution during radiotherapy treatment. Such a model can
also be coupled with the prediction of certain tumor global
biological parameters such as cellular hypoxia. Temporal
heterogeneity of the tumor oxygen partial pressure will be
considered in future developments to improve the overall
tumor model. Future modifications will also consider variable
radio-biology for different tumor cell populations involved
in the process; namely quiescent, hypoxic, proliferating and
normal cells that can be managed differently. Finally, coupling
the proposed voxel-based approach with a model incorpo-
rating tumor shape and spatial deformation considering the
neighbouring tissue and associated organs would allow the
simulation and prediction of complete PET images.

APPENDIX

INITIAL DISTRIBUTION OF CELLS IN EACH

PHASE OF CELLULAR CYCLE

Let us note α1 = p1(pO2) and α2 = p2(pO2), the propor-

tions of cells which move from G15
1 to S and from G26

2 to M.
We make the following assumptions:

N15
G1/S = α1 · N15

G1
, N26

G2/M = α2 · N27
M

and

NG0/G1 = γ · N28
G0

0 ≤ γ ≤ 1

Let λ (t) = (λ0
G1

(t), λ1
G1

(t), . . . , λ27
M (t), λ28

G0
(t)) ∈ R

29 the
cells distribution in the various phases of cellular division at
time t . Keeping the notations of the model we have:

λ0
G1

(t) = N0
G1

(t)

Ncell (t)
, λ1

G1
(t) = N1

G1
(t)

Ncell (t)

λ27
M (t) = NM (t)

Ncell (t)
, . . . , λ28

G0
(t) = NG0 (t)

Ncell (t)

where, NX (t) (X ∈ {G1, S, G2, M, G0}) depending of λ (t).
According to the model we have:

Ncell (t + 1) = Ncell (t).
[
1 + λ27

M (t) − λ28
G0

(t)
]
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By using the previous expression of Ncell (t + 1) and the
model, assuming constant distribution, i.e. stability condition
λ (t + 1) = λ(t) = λ (in this model γ = 1), we have:

λ0
G1

= 2.λ27
M

1 + λ27
M

, λ1
G1

= λ0
G1

1 + λ27
M

, . . . , λ15
G1

= λ14
G1

α1 + λ27
M

λ16
S = α1 · λ15

G1

1 + λ27
M

, λ17
S = λ16

S

1 + λ27
M

, . . . , λ26
G2

= λ25
G2

α2 + λ27
M

λ27
M = α2 · λ26

G2

1 + λ27
M

, λ28
G0

= 0

By expressing all the proportions according to λ27
M and by

using:

λ0
G1

+ λ1
G1

+ . . . λ14
G1

+ λ15
G1

+ λ16
S + . . . + λ25

G2
+ λ26

G2

+ λ27
M + λ28

G0
= 1

we find that λ27
M satisfies: f (λ27

M ) = 0, and thus deduce
remaining proportions.

f (λ27
M ) = 2λ27

M

(
1

1 + λ27
M

+ 1

(1 + λ27
M )2

+ . . . + 1

(1 + λ27
M )15

)

+ . . . + 2λ27
M

(
α1

(α1 + λ27
M )(1 + λ27

M )16

+ α1

(α1 + λ27
M )(1 + λ27

M )25

)

+2λ27
M

(
α1

(α1 + λ27
M )(α2 + λ27

M )(1 + λ27
M )25

)

+2λ27
M

(
α1α2

(α1 + λ27
M )(α2 + λ27

M )(1 + λ27
M )25

)
− 1
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