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Abstract— Immune system processes can be simulated using
both system dynamics (SD) models based on differential equations
and Agent-based (AB) models.
The two approaches are
intrinsically different but some methodologies have been
developed to convert SD models into AB models with a variable
degree of success. However, until now none of such methods have
considered the use of scale factors in SD to AB model conversion.
In this work, we revisited a well know SD model describing the
interaction between effector T cells and tumor cells that was
previously shown unsuitable for AB modeling. We introduced
non-dimensional scaling factors in AB modeling and compared AB
and AD simulations through a sensitivity analysis. Under this
scenario, we obtained AB models that could successfully
reproduce SD simulations with a reasonable number of agents and
a stochastic behavior that did not compromise computer
resources. In general, our results justify the introduction of nondimensional scaling factors to reproduce SD simulations with AB
models.
Keywords—artificial immune system; immune modeling;
immunotherapy

I. INTRODUCTION
The immune system consists of a network of organs, tissues,
cells and molecules whose main function is to protect the body
from infection caused by pathogens. However, it is now
reckoned that the immune system is also involved in tumor
immununosurveilance [1] and more generally in maintaining
body integrity and homeostasis [2, 3]. It relies on vast and
diverse numbers of cells and molecules, has cognition and
memory and interacts with the environment, mounting different
types and intensities of responses.
As knowledge of the immune system grows it becomes
increasingly clear that most of its actions/responses (eg.
aggression, tolerance, suppression or tissue repair) emerge from
integrated and complex networks of interactions involving
multiple cells and molecules. Thereby, the experimental study
of immune responses can be challenging or unviable and one
needs to resort to mathematical modeling and/or computer
model simulations [4-8].
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There are many approaches to model and simulate immune
processes. Arguably, system dynamics (SD) simulations based
on ordinary differential equations (ODE) are the most widely
used. To mention a few examples, ODE models have been
applied to describe/simulate B and T cells responses [9-12], T
cell dynamics [13, 14] and cancer immunology [15-19]. ODE
models are simple and sound and have been thoroughly applied
in the study of many biological, physical, chemical and
engineering problems [18]. Moreover, ODE-models can get
extremely complex before becoming unfeasible for finding
solutions through computational simulations. However, SD
simulations based on ODE-models do not capture spatial
dynamics or stochastic effects, which are so inherent to the
immune system [5, 18]. These properties can however be taken
in consideration using Agent Based models (ABMs) [4, 5, 19].
Unlike differential equations, which deal with collective
populations, ABMs simulate discrete and distinguishable
agents, such as individual cells or molecules, and consider that
the behavior of complex systems emerge out and can be modeled
from interacting but autonomous learning agents. In addition,
ABMs can easily account for the probabilistic uncertainty,
stochasticity of biological systems [20, 21]. Despite being
relative new, ABMs have been thoroughly used in immune
system simulations [22], including antigen recognition by T
cells [23], T cell motility in lymph nodes [24], B cell selection
in germinal centers [23] and cancer immunity [25], just to cite a
few examples. Moreover, there are also informatics packages
specifically designed for ABM immune simulations such as the
immune system simulator (IMMSIM) [26], the synthetic
immune system (SIS) [27], the basic immune simulator (BIS)
[28]. ABMs can capture more complex structures and dynamics
than SD simulations but consume much more computational
resources [5]. Nonetheless, in recent years huge increases in
computer power have led to a growth in the use of ABMs.
Moreover, there are rules and translation steps to convert SD
models and ABMs. In fact, it is much easier to build an AB
model if there is an SD model that already answer a specific
question [5, 29]. However, ABM translations of existing SD
models do not always match. Thus, Figueredo et al. [30]
obtained similar results for a naive T cell output model using SD
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simulations and ABMs.
However, for an ODE-model
describing the interaction of effector T cell and tumor cells [31],
Figueredo et al [32] found significant differences between the
results produced by the SD simulations (SDS) of the ODEmodel and the translated ABM.
In this work, we revisited the ABM conversion of the ODEmodel depicting the interaction of effector T cells and tumor
cells [31] using the same methodology of Figueredo et al [32],
but introducing non-dimensional scaling factors prior to ABM
conversion. We show that real problem parameters can be
recovered after simulations and prove that in this nondimensional space, ABM simulations get much closer to the SD
solution.
II. SYSTEMS AND METHODS
A. Mathematical Model of the interaction between T cells and
tumor cells
Effector T cells play key role in cancer immunosurveillance.
In particular, Cytotoxic T lymphocytes (CTLs), detect and kill
tumor cells. In this work, we used Kuznetsov et al [15] simple
model to describe the interaction between effector T cells (E)
and tumor cells (T), that is:

In this model, T cells engage (E) tumor cells (T) with
possible outcomes that is: a) tumor cells are killed and effector
cells can engage new T cells; b) tumor cells survive and effector
cells are inactivated. These possible outcomes are governed by
nonnegative kinetic constants k1, k2, k3, k4. Under this model the
variation in the concentration of species E and T is governed by
the following equations:
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B. Non-dimensionalization of the mathematical model
Mathematical models allow to predict the behavior of
complex system by means of analyzing the equations outcome
as a function of the initial values of the critical parameters. For
a given mathematical model, it is a normal practice to nondimensionalize the equations in order to take advantage of the
following properties of the non-dimensionalization: i) unit
absence that is, results are independent of the units of
measurement; ii) equation optimization, in which the number of
the equation parameters is reduced to the minimum; iii)
similarity, in which equations results only depend of the nondimensional parameter values, which are a combination of the
initial parameters; iv) scale identification i.e., non-dimensional
parameters allow the identification of the small parameters that
could be ignored or treated approximately; v) scale definition
that depends on the non-dimensional initial parameters, and final
results can be scaled to the appropriate values. The number of
non-dimensional parameters that can be generated for a given
set of equations can be evaluated, as a function of the initial
number of parameters and the number of dimensions used in the
equations. Way forward to obtain this number is covered by the
Buckingham Pi Theorem, which only defines the number of
non-dimensional parameters but it does not define the specific
parameters to be used, therefore several set of nondimensionalized equations can be generated.
If (1) and (2) are non-dimensionalized, considering as nondimensional parameters the scale of the effector and tumor cell
population, +0 and /0 respectively, and the rate of tumor cells
killed by each effector cells (parameter n) [15], then the
equations can be re-expressed as:
YV

Here, > represents an external influx of effector cells to the
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location of tumor cells;
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effector cells; :+/ represents the number of effector cells killed
by tumour cells; 5+ represents the death (apoptosis) of effector
cells; 2/u p 3/v represents the proliferation of tumour cells;
;+/ represents the number of tumour cells killed by effector
cells. Each one of the parameters can be estimated from
experimental data, based on the growth dynamics of a BCL1
lymphoma in the spleen of chimeric mice [33, 34], which has
been used as a model for the lymphocytic leukemia in humans
[35]. Taking into account initial values for the following
parameters:
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Considering the scale factors for the effector and tumor cells
population of:
+J r /J r N 4699>
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and the initial values of the parameters of (1) (2), resulting
values for the non-dimensional parameters are the following:

RK

the other parameters have been estimated taking into account
experimental data gathered in [33] and [34]:
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(7)

C. Non dimensional equations solution
If the system of (3) and (4) is solved numerically, by means of
an Euler numerical method, considering as the initial values for
the non-dimensional populations for the effector and tumor cell
of 0[ r # and 1[ r !, and an integration step of Δ? =0.01,
the outcome of the cell population temporal evolution is similar
to the plot of Figure 1.

Figure 2. Numeric solution for effector and tumor cell interaction – physical units

Figure 1. Numeric solution for non-dimensional effector and tumor cell
interaction.

In Figure 1, in which the non-dimensional tumor cell
population corresponds to the left axis, and the non-dimensional
effector cell populations corresponds to the right axis, a
predator-prey tendency can be appreciated, thus every time the
tumor cells start to grow up, the effector cells also increases to
mitigate the effect of the tumor cells, and after several
oscillations, there is a tendency to one stationary point in which
the effector cells can control the tumor cells populations in a so
called dormant tumor state. It shall be noted that axes values
only represent non-dimensional values. This is the reason why
for a given time frame of the numerical solution, the nondimensional tumor cells population is getting close to 0,0449
and the non-dimensional effector cells population oscillates
during all the simulation between 1 and 3. For a real system, it
will not make too much sense to have only 0.0449 cells of a
given population, but from a non-dimensional point of view, this
number may imply to have several hundreds of “living” cells in
the system. Therefore, this is one important advantage of the
SDS and its numerical solution, because this kind of equations
supports any mathematical value for the cells population along
its numerical solution.
D. Re-dimensioning of the system
Once the set of equations has been solved, with the purpose
of analyzing the real outcomes of the solution, it is possible to
recover physical units from the non-dimensional solution, using
the relationship between the dimensional and non-dimensional
parameters, described in (5). The equations outcome with
physical units have been plotted in Figure 2.

For this particular case, tumor – effector cells tendency
indicates that: i) minimum tumor cells population predicted by
SDS is around 45.000 cells; ii) minimum effector cells
population predicted by SDS is around 536.000 cells; iii) time
frame necessary to achieve stationary conditions is higher than
450 days; iv) frequency of the population oscillations is close to
106 days.
E. Scale factors for non-dimensionalization of the equations
Scale factors selected for the evaluation of the equation
parameters in (7) are arbitrary, and does not obey to any rule,
apart from the goal of managing numbers within a fixed range
for each cells population. Therefore, many scale factors can be
used, obtaining the very same behavior for the cells
populations, but with different non-dimensional value. To
compare the benefit of managing different scale factors, four
different scenarios, captured in Table 1, have been solved. Each
scenario has different scale factors (E0, T0 and t0), therefore the
non-dimensional parameters values will be different, having
thus an impact in the range of the outcome for the different nondimensional cells populations.
TABLE I. 
Scenari
o
a
b
c
d

SCALE FACTORS USED IN EACH SCENARIO TO SOLVE NONDIMENSIONAL EQUATIONS (3) (4)

Scale Factors
E0
106
104
103
104

T0
106
104
103
104

t0
1
1
1
1/2

Non-dimensional Parameters
α
1.636
1.636
1.636
0.818

β
2x10-3
2x10-5
2x10-6
2x10-5

σ
0.1181
11.81
118.1
5.905

μ
3.11x10-3
3.11x10-5
3.11x10-6
1.55x10-5

η
20.19
20.19
20.19
20.19

δ
0.3743
0.3743
0.3743
0.187

ρ
1.131
1.131
1.131
0.566

Initial
Conditions
Xi
Yi
1.2x102
4
1.2x104
400
5
1.2x10
4000
1.2x104
400

Plots for the numerical solutions of the four scenarios
gathered in Table 1 have been compiled in Figure 3. Comparing
four plots, it can be stated that the evolution of the cells
population in all the cases follows the same pattern. Main
difference between all of them relays in the scale of the axis. In
particular, for the first three scenarios (a, b and c), nondimensional time scale (horizontal axis) is an invariant, and only
the scale of both cells population is affected. In the fourth chart
(d), the time scale has been reduced to the half, and therefore the
evolution is slower than in the other three scenarios, being
necessary to extend the numerical integration twice times, to be
able to reproduce the same behavior as in the previous scenarios.
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population decrease in the same proportion. Scaling factors can
be applied to both axes independently (time axis and cell
population axis). Physical solution can be recovered,
independently of the scale factors used during the nondimensionalization process of the equations.







Figure 3. Non-dimensional cells population evolution for the four scenarios
captured in Table 1.

In all the scenarios, if the scale factor decreases, the range
of cells population will increase. In fact, if the scale factors are
1, number of cells population will be similar to the real number
of cells involved in the solution of the dimensional equations.
As the cells population range varies with the scale factors, it is
interesting to analyze minimum and maximum values achieved
during the simulation, because these numbers will be the critical
parameters to be taken into account to select the best AB
Simulation (ABS) option. These maximum and minimum
values obtained for the non-dimensional cells populations and
the non-dimensional time have been captured in Table 2. It is
important to highlight that, varying the scale factors, it is
possible to size the equations in order to have a minimum
number of tumor and effector cells higher than 1, which is a
very important point in order to translate this kind of problem
to a ABS problem.
TABLE II. 
MAXIMUM AND MINIMUM VALUES FOR THE NONDIMENSIONAL CELL POPULATIONS AND NON-DIMENSIONAL TIME ACHIEVED
DURING THE NUMERICAL INTEGRATION OF SCENARIOS GATHERED IN TABLE 1
Scen
ario
a

Effector Cells

Max
value

Min
value

Max
value

Min
value

Max
value

Min
value

120

0.04

4.79

0.54

0

50

Time

12000

4.49

479.02

53.57

0

50

c

120000

44.93

4790.15

535.6
7
53.57

0

50

12000

4.49

479.02

0

Figure 4. Effector cells and Tumour cell state charts.

Transition rates for each one of the transitions covered in the
states charts are defined from the non-dimensional equations (3)
and (4) and they have been compiled in Table 3. It shall be noted
that transition rates compiled in this table, are the parameters of
the equations (3) and (4) but defined per cell population, as the
transitions shall be imposed per agent unit.
TABLE III. 

Tumour Cells

b

d

F. ABS model generation from the SDS
ABS technique is a modelling approach that works with
autonomous entities (agents), with the purpose of simulating
dynamics of complex systems. Actions and interactions among
different agents are defined by rules imposed to each agent.
Despite the model is focused in the agents, ABS provides
outcomes that allows to predict the behavior of the agents as a
global entity rather than focus only on particular agent
behaviors, creating an emergent order. The state charts identify
each one of the different possible states of an entity, and define
the events that can be triggered to change current agent state to
another. State charts for this particular interaction between the
effector cells and tumor cells has been already analyzed in [32]
and [38], and for this study, the state chars considered are shown
in Figure 4.

TRANSITION RATES FOR EACH EFFECT AND TUMOUR CELL
AGENTS TRANSITIONS DEFINED IN FIGURE 4

Effector Cell
Transition Rates
Treatment
H0
Supply
Proliferation
G1D+1

100

As it was done for the first example, the physical units can
be recovered from the non-dimensional plots, being the final
solution equal for all of the four scenarios, and being equal to
the plot captured in Figure 2, because the four scenarios
analyzed covered the solution to the physical problem described
through equations (1) and (2). From the analysis of the result for
the fourth scenarios compiled in Table 1, it appears that for a
given set of differential equations, a non-dimensional set of
equations can be generated though specific grouping of the
dimensional parameters. Non-dimensional parameters can be
scaled by means of dedicated scale factors without impacting in
the equation results behavior. If the scale factor increases, the
maximum and minimum values of non-dimensional cell

Death by
fighting
Natural
Apoptosis

F1

Tumour Cell
Transition Rates
Proliferation
A
479.02

AB1

Death by
Effector Cell

0

C

G. Case of study
ABS modelling cannot be used to solve systems models
whose variables can have values lower than one, as this kind of
modelling manages discrete entities, and therefore every time
that one agent population falls below 0 implies that such agent
will disappear from the simulation.
Non-dimensionalization process defined for the SDS can be
translated to the ABS model, by means of adjusting the transition
rates gathered in Table 3, considering different values for the
scale factors defined in (6). Non-dimensionalization can be
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understood as a cell grouping process in packs, where the
behavior of each pack is defined for the behavior of its
equivalent non-dimensional entity. Therefore, the scale factor
represents the number of cells that are packed together, so for a
given cell population, if the scale factor increases, the number of
non-dimensional entities decrease, and in the other hand lower
scale factors will imply to increase the number of nondimensional entities.
This equivalence allows to simulate the real scenario through
a non-dimensional system based on entities behavior that
represents a pack of cells. Therefore, in the first case analyzed,
where: i) scale factor: +0= /0=106 4699>, ii) non-dimensional
initial values of the effector and tumor cells population: 08=4
and 18=120. The initial tumor cell population of 1.2x108 cells
has been approached with 120 packs, of 106 cells in each pack,
and the effector cell population of 4x106 cells has been
approached with 4 packs, of 106 cells in each pack. This
approach has the benefit of reducing the computer resources, as
the number of entities to be simulated are reduced drastically,
but in the other way stochastics effects have a higher influence
when the number of entities is too low. In this particular case, as
the non-dimensional population of effector cells is 4, a slight
fluctuation around of this value, due to the stochastic effects,
will originate an unexpected extinction of this population.
Although the above example has been focused on the effect of
the scale factor in the cell population, it shall be highlighted that
this process can be applied also to the time. Therefore, the scale
factor adjustment can help to optimize computer resources for
the simulation of ABS models, but may introduce some
stochastic effects that are not present in the real system.
Therefore, along this paper a sensitivity analysis of the ABS
outcome with the scale factor will be performed in order to
understand what is the maximum scale factor that can be used to
maintain similar outputs than for the SDS. Additionally, time
necessary to perform each simulation will be recorded to study
the effect of the scale factors.
H. ABS solution algorithm
To evaluate temporal evolution of the agents, a complete
ABS algorithm has been built, considering the state charts for
the cells populations described in Figure 4, and the transition
rates defined in Table 3. The proposed model is discrete in time,
so, in each time step, agent states and transition will be evaluated
by means of a particularization of the Gillespie’s algorithm, in
which, instead of applying the algorithm for each one of the
reactions in which can be split the differential equations, this
algorithm is applied to determine the transition triggered by each
agent, and the time necessary to trigger such transition. In
particular we fix the time step Δ? as the model is discrete in time,
so transition rates will remain constant during each time step,
being these values refreshed at the beginning of each iteration.
For each agent, time necessary to trigger a transition, I, is
controlled by the following exponential probabilistic function:
Ir

K
be

,;

K
_f

(8)

where EJ represents the sum of all the transitions rates for a
given population and =K is a random number between 0 and 1. In
each time step, the time needed to trigger a transition, I, is
compared with the time step duration. If I tΔ?    
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III. RESULTS
Results obtained for the sensitivity analysis performed to
determine the influence of the cell population scale factors in the
outcomes of the ABS have been captured in Figure 5 and Figure
6. All the plots capture the 500 runs for each case study, and for
reference purposes, each plot includes the average value of these
500 runs, and the SDS solution. Additionally, Figure 5 and
Figure 6 also include the representation of the mean value of
each simulation, once the dimensional values for each axis has
been recovered. Due to the stochastic effect of the ABS model,
three different patterns for the model outcome have been
detected during all the simulations, as shown in Table 4.
TABLE IV. 

CELLS POPULATION PATTERNS DETECTED DURING ABS
SIMULATIONS

• Case 1 - SDS behavior:
Tumor and effector cell populations never
decays under the minimum value of 1, and
therefore both populations follows a
predator prey tendency.
• Case 2 – Tumor cell extinction:
Tumor cell population decays quickly at
the beginning of the simulation, and goes
below 1 (blue line), therefore this
population
disappears
from
the
simulation. For this case, the Effector
cells achieve an equilibrium value close to
the 4% of the initial value.
• Case 3 – Effector cell extinction:
Effector cell population decays below 1
(red line), and therefore this population
disappears from the simulation. This
phenomenon only appears a few times
along the different runs, for those
simulations with higher scale factor
values.

The first case deals with the pattern defined by the SDS
outcome, and the other two cases are alternative results obtained
through this ABS model, due to its non-deterministic effects and
the scale factor values. To evaluate the outcomes of different
simulations, the following points are analyzed: i) convergence
ratio i.e., ratio of converged simulations against total number of
runs (only those simulations with the same pattern as the SDS
numerical solution will be considered as converged); ii)
scattering i.e., the scatter of each single simulations against the
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mean value; iii) mean value that is the comparison of the mean
value of all the simulations performed (converged and not
converged) against the SDS numerical solution; iv) machine
resources i.e., the time necessary to get the final solution (500
runs). Taking into account these values, the following
conclusions can be extracted from the simulations. Convergence
ratio increases when the size of the scale factors decreases, that
is, when the non-dimensional cell population increases. This
behavior is well understood, as the stochastics effects are more
relevant when the agent population is reduced. Based on SDS
solution, expected outcome from the ABS is the predator-prey
tendency (Case 1, Table 4), and all the cases converge to this
solution when the size of the scale factors are E0=T0=102 cells.
When the scale factors increase, and therefore the cell
population decreases, the number of cases in which the nondimensional tumor cell population is extinct, increases (Case 2,
Table 4). In fact, if the scale factor is too high (E0=T0=105 cells),
the effect of stochastic effect is relevant, that appears a not
expected case in which, the effector cell population disappears
(Case 3, Table 4). When the non-dimensional cell population
decreases, and then the stochastic effects becomes predominant,
scatter of the simulations increases with the size of the scaling
factors. It is worth mentioning that, even the scatter for the
curves increases, the frequency of the peaks for both nondimensional populations (tumor and effector cells) is almost
equal for all the simulation. This can be considered as the root
cause for the scattering point at which the tumor cell populations
start to increase after the initial decay, which is highly dependent
of the stochastic effect. At this point the non-dimensional tumor
cell population reach its minimum. Mean value is closer to the
SDS solution when the scaling factors are lower. This fact is
linked with the two previous points, because the not converged
solutions and the scattering of the simulation are the main
rationales for the adjustments of the mean value to the SDS
numerical solution. Machine resources increases when the scale
factors are lower. This is because, for the ABM, the number of
computational operations increases with the number of agents in
each population, and having lower scale factors imply to solve a
problem with a high number of agents. Figure 5 and Figure 6
also capture the effect, for each scale factor, of modifying the
scale factor for the time value. The effect of this scale factor can
be observed by means of direct comparison between both, left
and right, columns of plots, in the figures. Right column
represents a low time scale factor, and therefore it is necessary
to perform more non-dimensional time steps to get the same
non-dimensional cell population pattern. These figures show
that, for a given cell population scale factor, a reduction in the
time scale factor allows to have a more accurate mean value, by
means of reducing the scattering of the solution. This conclusion
can be appreciated for those cases with a lower value of the cell
population scale factor. For this reason, a dedicated study was
performed comparing three times scale factors, and the results
are depicted in Figure 7. As this figure shows, the accuracy of
the results increases with the reduction of the time scale factor.
The rationale for this behavior is associated with the discrete
nature of the ABS model, because a reduction of the time scale
factor is equivalent to a reduction of the time step of the model,
and therefore it implies that the transition rates values are
refreshed more frequently, because these rates are kept constant
during the time step, but updated at each time step, and therefore

the final solution is closer to the SDS outcome. It should be
pointed out that, during this performance analysis, the time step
parameter of the ABS algorithm has been kept constant, in order
to analyze only the effect of the time scale factor.
Table 5 shows the comparison between the main parameters
of each simulation outcome: convergence ratio i.e., ratio of
converged simulations against total number of runs (only those
simulations with the predator-prey pattern is considered as
converged); machine time that is the average time needed to
obtain each individual simulation in a standard quad core PC;
tumor RSS that represents the non-dimensional residual sum of
squares between the mean value of the tumor cell population for
all the runs in each scenario and the SDS curve; effector RSS
that represents the non-dimensional Residual Sum of Squares
between the mean value of the effector cell population for all the
runs in each scenario, and the SDS curve. Both RSS values have
been calculated by means of the following equation:
-.. r

g
n ulm hkjkm v
mif
kjkm

]

(9)

where 0[ represents the mean value at timestep 8; .*.[
represents the SDS solution value at timestep 8. n represents the
number of time steps.
TABLE V. 

MAIN OUTCOME COMPARISON BETWEEN THE 12 SCENARIOS
EVALUATED

ID
#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11
#12

Time
facto
r

Scale
facto
r

1

105
104
103
102
105
104
103
102
105
104
103
102

2

4

CPU
Time
[sec]
37
37
38
59
73
74
74
105
131
139
137
191

%
of
converg
ence
5.0
46.0
99.6
100.0
3.9
39.0
99.0
100.0
3.9
27.2
95.6
100.0

Tumour
RSS
1.27
0.61
1.22
0.93
1.53
0.42
0.46
0.32
0.84
0.53
0.24
0.13
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Effector
RSS
0.76
0.52
0.23
0.24
0.76
0.43
0.10
0.10
0.75
0.38
0.05
0.04

Figure 7. Effector and Tumor cells population evolution for different time scales.

IV. CONCLUSIONS
Immune system processes can be modelled through different
simulation approaches. The SDS and the ABS techniques are
considered two of the most effective techniques to reach this
goal. Whilst SDS provides deterministic outcome, obtained
generally through solving a set of differential equations, ABS
allows the simulation of complex systems, through the definition
of simple interactions among agents involved in the process,
providing a perspective of the global behavior of the system.
Due to the emergent order created from the individual behavior,
ABS deliver additional information in comparison with the SDS,
being this point its key characteristic. Process to create an ABS
modelling from a given SDS have been explored within a lot of
documentation, but influence of initial adjustment of the SDS
parameters, and therefore the ABS transition rates, have not been
mentioned before. SDS equations can be non-dimensionalized
to simplify them and to perform a deeper analysis of the
influence of each parameter in the final solution. Nondimensional parameters are not fixed, and they can be chosen to
adjust the scale of the non-dimensional solution. Once the nondimension differential equations are solved, physical solution
can be recovered to analyze the real behavior of the system. This
non-dimensional analysis performed with the SDS parameters
can be translated into a ABS model, by means of adjusting the
transition rates values, then reducing the number of agents
involved in the simulation. This parameter adjustment, shown as
a non-dimensional scale factor adjustment, is a key point to
ensure proper ABS behavior. It allows to find the same solution
of the SDS system, achieving a compromise solution between
the ABS simulations constraints (discrete number of agents and
stochastic simulation) and computer resources. This study
confirms the possibility of modeling a real system through two
different approaches, SDS and ABS, obtaining the same output,
by means of a proper adjustment of the parameters involved in
the ABS modeling. An additional study of parameters sensitivity
has been performed to understand the influence of them in the

Figure 5. Effector cells population evolution.

Figure 6. Tumor cells population evolution.
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final outcome, optimizing computer resources without losing
accuracy in the ABS output.
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