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DISCRETE CELLULAR AUTOMATA MODELS OF TUMOR

GROWTH DYNAMICS AND IMMUNE SURVEILLANCE

Mathematical modeling and simulation play a central role in elucidating tumor growth

dynamics and evaluating therapeutic interventions in oncology. A cellular automata ap-

proach consisting of three discrete models of increasing complexity was investigated: (i)

an uncontrolled proliferation model capturing exponential tumor expansion; (ii) a spatially

constrained proliferation model reproducing logistic-like saturation due to microenviron-

mental limits; and (iii) an immune response model incorporating effector cell interactions

and cytokine-mediated chemotaxis. These models operate on two-dimensional lattices with

stochastic update rules calibrated by biologically relevant division and death rates. Simula-

tion experiments demonstrate that the uncontrolled model reproduces classical exponential

growth behavior, while the spatially constrained model yields sigmoidal growth curves con-

sistent with Verhulst dynamics. The immune response model further enables simulation of
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interactions among tumor cells, effector lymphocytes, and cytokine signals, capturing com-

plex biological dynamics that are difficult to derive or compute with traditional analytical

methods. Parameter sensitivity analyses reveal critical regimes of cytokine secretion and ef-

fector recruitment that govern the transition between tumor containment and escape. This

discrete, rule-based model provides a powerful tool for exploring tumor-immune interactions

and evaluating potential treatment strategies.
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Introduction

Mathematical and computer models are vital tools in cancer research. They

can show how tumors grow, spread, and respond to treatments in ways that

are difficult to capture with traditional equations. Cellular automata (CA) are

simple grid models where each cell follows a few basic rules [1; 2]. Even with

these simple rules, CA can display complex patterns because cells interact with

each other and their environment.

Analytical models face difficulty in incorporating the full spectrum of com-

plex cell-cell and cell-environment interactions, and their complexity grows

rapidly as new biological details are added. In many practical applications,

sufficiently accurate simulations can provide reliable insight without requiring

closed-form solutions. CA simulations overcome these challenges by tracking

each cell on a lattice, updating its state based on probabilistic rules for divi-

sion, death, movement, and immune interaction. Computer simulations enable

systematic exploration of parameter spaces and sensitivity analyses to identify

threshold effects and critical transitions.

This work examines three CA models with growing complexity: uncon-

trolled growth, space-limited growth, and immune-driven tumor suppression.

Our simulations show that simple rules can produce familiar growth curves:

exponential growth in the first model and S-shaped (logistic [3]) growth in the

second. The third model illustrates how immune cell lifespan, chemical signals,
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and arrival rate affect tumor control [4; 5]. The goals are to demonstrate the

usefulness of CA in cancer modeling and confirm known growth laws.

Main Results1. Model of uncontrolled cancer cell proliferation

Let 𝑥𝑖,𝑗(𝑡) ∈ {0, 1} denote the presence of a tumor cell at lattice site (𝑖, 𝑗)

at discrete time 𝑡. The lattice is unbounded, and time advances in uniform

steps of length Δ𝑡, where 𝑇𝑑 is the mean time between cell divisions.

Cell division follows a Poisson (memoryless) process with rate 1/𝑇𝑑, giving

the probability of a division event in one time step as

𝑝𝑑 = 1− 𝑒
−Δ𝑡

𝑇𝑑 . (1)

This form comes from the fact that the expected number of division events in

interval Δ𝑡 is Δ𝑡/𝑇𝑑, and the exponential distribution yields 1−𝑒−Δ𝑡/𝑇𝑑 as the

chance of at least one event.

Initially, a single cancer cell occupies the origin:

𝑥0,0(0) = 1, 𝑥𝑖,𝑗(0) = 0 (𝑖, 𝑗) ̸= (0, 0). (2)

At each time step, each occupied site divides with probability 𝑝𝑑, placing a

daughter cell on a randomly chosen empty von Neumann neighbor. We then

define the total tumor size by

𝑋(𝑡) =
∑︁
𝑖,𝑗

𝑥𝑖,𝑗(𝑡), (3)

which under these rules exhibits exponential growth on average. This behavior

corresponds to classical exponential tumor growth models [1; 6–8].

Simulation of uncontrolled tumor growth.

Tumor expansion without spatial constraints or competition was simulated

on an unbounded lattice up to 𝑡 = 500 days with Δ𝑡 = 1 day and 𝑇𝑑 = 5 days.

Snapshots at 𝑡 = 125, 250, 375, 500 days are shown in Fig. 1. For mean division

times 𝑇𝑑 ∈ {5, 6, 7, 8} days (Δ𝑡 = 1 day), the tumor size 𝑋(𝑡) was computed

up to 𝑡 = 1000 days (Fig. 2), and the values appear in Table 3.

2. Model of spatially constrained proliferation

In many solid tumors the available space for cell growth is limited by the

surrounding tissue [9; 10]. To account for spatial constraints, we restrict the
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Figure 1: Snapshots of cell distribution at 𝑡 = 125, 250, 375, 500 days under

uncontrolled growth on an unbounded lattice.

Table 3: Tumor size 𝑋(𝑡) at various time points for different mean division

times 𝑇𝑑.

𝑇𝑑 (days) 𝑡 = 250 𝑡 = 500 𝑡 = 750 𝑡 = 1000

5 1437 6533 16021 29534

6 1044 4909 11665 21430

7 612 3231 8184 15169

8 590 2786 6773 12633
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Figure 2: Uncontrolled proliferation model: tumor size 𝑋(𝑡) over 1000 days

for mean division times 𝑇𝑑 = 5, 6, 7, 8 days.

cellular automaton to a finite square domain of side length 2𝐿+ 1 centered at

the origin:

𝒟 = {(𝑖, 𝑗) : − 𝐿 ≤ 𝑖, 𝑗 ≤ 𝐿}.

Division proceeds as in the unconstrained model, but a daughter cell can only

be placed on a neighbor site if it lies within 𝒟. Under these rules, cell prolifer-
ation saturates when most sites in 𝒟 become occupied. The maximum tumor

size is therefore

𝑋max =
∑︁

(𝑖,𝑗)∈𝒟

1 = (2𝐿+ 1)2. (4)

Simulation results exhibit an initial exponential growth phase followed by

a plateau as 𝑋(𝑡) approaches 𝑋max. This sigmoidal behavior is consistent

with classical Verhulst (logistic) dynamics and is widely used in mathematical

oncology [11–17].

Simulation of spatially constrained tumor growth.

The CA model on the finite domain 𝒟 = {(𝑖, 𝑗) : − 𝐿 ≤ 𝑖, 𝑗 ≤ 𝐿} with

𝐿 = 50 was simulated using Δ𝑡 = 1 day and 𝑇𝑑 = 5 days. The tumor size 𝑋(𝑡)

was recorded and plotted in Fig. 3, demonstrating logistic-type saturation as
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𝑋(𝑡) approaches the plateau 𝑋max = (2𝐿 + 1)2 = 10201. The tumor sizes at

selected time points for various mean division times are listed in Table 4.

Figure 3: Spatially constrained proliferation model: growth curve 𝑋(𝑡) on the

finite domain, showing sigmoidal saturation near 𝑋max = 10201.

Table 4: Tumor size 𝑋(𝑡) at 𝑡 = 250, 500, 750, 1000 days for mean division

times 𝑇𝑑 under spatial constraint (𝐿 = 50).

𝑇𝑑 (days) 𝑡 = 250 𝑡 = 500 𝑡 = 750 𝑡 = 1000

5 1695 7176 10199 10201

6 1087 4929 9649 10201

7 780 3569 8083 10143

8 735 3157 7318 9798

3. Immune response model

In physiological conditions, tumor growth is restrained by the host immune

system [5; 18–20]. Effector lymphocytes, specifically T cells, recognize and bind

to abnormal cells such as cancer, forming a tumor-effector complex [21–23].

Let 𝑥𝑖,𝑗(𝑡) ∈ {0, 1} denote a tumor cell and 𝑦𝑖,𝑗(𝑡) ∈ {0, 1} an effector cell

at site (𝑖, 𝑗) and time 𝑡. Define the complex indicator

𝑐𝑖,𝑗(𝑡) = 𝑥𝑖,𝑗(𝑡) 𝑦𝑖,𝑗(𝑡) ∈ {0, 1}, (5)



Discrete cellular automata models ISSN 2519–206X 87

so that 𝑐𝑖,𝑗(𝑡) = 1 exactly when both a tumor cell and an effector occupy the

same lattice site. Additionally, we denote the total effector cell population

𝑌 (𝑡) =
∑︀

𝑖,𝑗 𝑦𝑖,𝑗(𝑡) and the total tumor-effector complex population 𝐶(𝑡) =∑︀
𝑖,𝑗 𝑐𝑖,𝑗(𝑡), in direct analogy to the tumor size 𝑋(𝑡).

The initial condition is

𝑥0,0(0) = 1,

𝑥𝑖,𝑗(0) = 0, (𝑖, 𝑗) ̸= (0, 0),

𝑌 (0) = 0, 𝐶(0) = 0.

(6)

i.e. one tumor cell at the origin and no effector cells or complexes.

Cell death.

Effector cells have mean lifetime 𝑇𝑦, giving per-step death probability

𝑝𝑦 = 1− 𝑒
−Δ𝑡

𝑇𝑦 . (7)

Tumor cells in complex die with mean lifetime 𝑇𝑥, yielding

𝑝𝑥 = 1− 𝑒−
Δ𝑡
𝑇𝑥 . (8)

When 𝑐𝑖,𝑗(𝑡) = 1, an effector may kill the tumor cell with probability 𝑝𝑥, and

the effector itself may die of natural causes with probability 𝑝𝑦. Independent

random draws determine whether each cell survives or is removed at that time

step.

Tumor cell division.

Tumor cells not bound in a tumor-effector complex (𝑐𝑖,𝑗(𝑡) = 0) divide

using the same stochastic rule as in the uncontrolled proliferation model. At

each time step, such a cell divides with probability 𝑝𝑑 (1), placing its daughter

on a randomly chosen empty von Neumann neighbor within the domain.
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Regulatory effect of cytokines

Cytokines secreted by each tumor-effector complex diffuse rapidly through

the tissue and decay exponentially with mean lifetime 𝑇𝑐. Under a quasi-steady

approximation, the contribution of a single complex at lattice site (𝑘, ℓ) to the

cytokine level in cell (𝑖, 𝑗) is

𝑢
(𝑘,ℓ)
𝑖,𝑗 = 𝛼

∫︁ ∞

0
𝑒− 𝑡/𝑇𝑐 1

4𝜋𝐷 𝑡
𝑒−

Δ𝐿2((𝑖−𝑘)2+(𝑗−ℓ)2)
4𝐷 𝑡 d𝑡, (9)

whereΔ𝐿 is the lattice spacing, 𝛼 the secretion rate, 𝐷 the diffusion coefficient,

and 𝑡𝐶 the cytokine lifetime [5]. The total cytokine concentration at (𝑖, 𝑗) and

time 𝑡 is then

𝑈𝑖,𝑗(𝑡) =
∑︁
𝑘,ℓ

𝑐𝑘,ℓ(𝑡) 𝑢
(𝑘,ℓ)
𝑖,𝑗 .

Note that under the quasi-steady approximation, 𝑢
(𝑘,ℓ)
𝑖,𝑗 depends only on the

spatial distance and not on time. Thus, one can precompute its values for all

distances present in the lattice and store them in a lookup table. During simu-

lation, these precomputed kernel values can be retrieved directly, significantly

reducing computational overhead.

Effector cell movement.

Effector cells do not divide but migrate toward regions of high cytokine

concentration, which correspond to active tumor-effector complexes. At each

time step, an effector at lattice site (𝑖, 𝑗) selects one of its four von Neumann

neighbors

𝒩𝑖,𝑗 = {(𝑖+ 1, 𝑗), (𝑖− 1, 𝑗), (𝑖, 𝑗 + 1), (𝑖, 𝑗 − 1)}

and moves into neighbor (𝑖′, 𝑗′) ∈ 𝒩𝑖,𝑗 with probability

𝑝𝑖′,𝑗′ =
1 + 𝜒𝑈𝑖′,𝑗′(𝑡)∑︀

(𝑚,𝑛)∈𝒩𝑖,𝑗

(︀
1 + 𝜒𝑈𝑚,𝑛(𝑡)

)︀ ,
where 𝑈𝑚,𝑛(𝑡) is the cytokine concentration and 𝜒 is the chemotactic sensitivity

[5]. This bias directs effector cells toward regions of active immune response.

If an effector moves into a site (𝑖′, 𝑗′) already occupied by a tumor cell

(i.e. 𝑥𝑖′,𝑗′(𝑡) = 1), they immediately form a tumor-effector complex, setting

𝑐𝑖′,𝑗′(𝑡) = 1.

Effector cells begin with zero population inside the domain (6) and enter

exclusively through a one-cell-wide boundary ring. Let 𝑁0 denote the constant
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ambient effector concentration outside the lattice. Since the ring is exactly one

lattice cell thick, its total entry length (excluding corner cells) is four sides of

length 2𝐿. Hence the per-step influx probability is

𝑝in = 1− 𝑒− 8𝐿𝑁0 Δ𝐿, (10)

Upon an influx event, a new effector is placed at a uniformly random boundary

site. Effector cells may also leave the domain by moving beyond its boundary.

Simulation of immune response model.

The model was simulated with the parameters listed in Table 5. Simulations

were run from 𝑡 = 0 until 𝑡 = 70 days. To focus on immune-mediated clearance,

effector influx was delayed until the tumor cell count reached 150-190 cells.

Under these conditions, in most trials the immune response eliminated the

tumor between day 40 and day 70. Figure 4 shows the time courses of the tumor

cell count, effector cell count, and tumor-effector complex count. Complexes

vanish immediately upon tumor eradication, confirming the correctness of the

implementation.

Table 5: Model parameters used in the simulations

Parameter Value

Time step Δ𝑡 1 min

Tumor cell lifetime 𝑇𝑥 720 min (0.5 day)

Effector lifetime 𝑇𝑦 4320 min (3 days)

Cytokine lifetime 𝑇𝑐 720 min (0.5 day)

Tumor division time 𝑇𝑑 7200 min (5 days)

Cytokine rate 𝛼 1 cell/min

Ambient effector density 𝑁0 4× 10−6 cells/𝜇m2

Chemotactic sensitivity 𝜒 1000

Boundary width Δ𝐿 10 𝜇m

Domain half-width 𝐿 500 𝜇m

Diffusion coefficient 𝐷 2000 𝜇m2/min

Impact of chemotactic sensitivity.

To assess the role of cytokine-driven chemotaxis, we varied the sensitivity

parameter 𝜒 while holding all other parameters fixed (Table 5). Figure 5
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Figure 4: Time courses of tumor cells, effector cells, and tumor-effector com-

plexes under the specified parameters are plotted over 70 days.

displays representative time courses of tumor cells, effector cells, and tumor-

effector complexes for several different values of 𝜒.

These results underscore the pivotal role of cytokine-mediated chemotaxis

in orchestrating an effective antitumor response: sufficient chemotactic sensi-

tivity enables rapid effector accumulation at tumor sites and decisive tumor

control, whereas without chemotaxis effector cells wander aimlessly and fail to

control tumor growth.

Impact of ambient effector density.

The ambient effector density 𝑁0 governs the supply of new immune cells at

the boundary. To assess its effect, we ran simulations for low and high values of

𝑁0, holding all other parameters as in Table 5. Figure 6 shows representative

time courses for these two scenarios.

These simulations underscore the critical role of immune influx: when ef-

fector supply is low, tumors grow unchecked, whereas a robust supply leads to

rapid tumor clearance.

Impact of effector lifetime.

Effector lifetime 𝑇𝑦 critically determines immune persistence in the tissue.

To assess its effect, we compared short-lived and long-lived effectors while
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Figure 5: Simulation results under varying chemotactic sensitivity 𝜒: 𝜒 =

1000, 𝜒 = 500, and 𝜒 = 0, respectively. Tumor cells, effector cells, and tumor-

effector complexes are plotted over 70 days.

Figure 6: Simulation results under varying ambient effector density: (left)

𝑁0 = 10−6, (right) 𝑁0 = 10−5. Tumor cells, effector cells, and tumor-effector

complexes are plotted over 70 days.
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holding all other parameters fixed (Table 5). Figure 7 shows representative

time courses for these two scenarios.

Figure 7: Simulation results under varying effector lifetime: (left) 𝑇𝑦 = 1 day;

(right) 𝑇𝑦 = 14 days. Tumor cells, effector cells, and tumor-effector complexes

over 70 days.

Short-lived effectors are removed too rapidly to establish sufficient tumor-

effector interactions, allowing unchecked tumor expansion. In contrast, long-

lived effectors persist in the tissue, accumulate at the tumor interface, and

achieve complete tumor eradication. Thus, effector cell longevity is a key fac-

tor for sustained antitumor immunity in the model.

Conclusion

We demonstrated that cellular automata models of increasing complexity

can both reproduce classical tumor growth laws and reveal key immune-tumor

interactions. The uncontrolled-proliferation model yields exponential expan-

sion, the spatially constrained model produces logistic-type saturation, and the

immune response model shows how effector cell lifetime, chemotactic sensitiv-

ity, and boundary influx determine the balance between tumor eradication and

escape.

Such a rule-based model is very flexible and can easily include different mi-

croenvironments, extra immune pathways, and therapeutic strategies. More-

over, as computational power increases, simulations will become increasingly

efficient, making cellular automata models exceptionally promising as excellent

aids for practical modeling of cancer and other complex biological processes.
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Рапчинський О., Кiчмаренко О., Стехун А.

ДИСКРЕТНI МОДЕЛI КЛIТИННИХ АВТОМАТIВ ДИНАМIКИ РОСТУ ПУ-

ХЛИНИ ТА IМУННОГО НАГЛЯДУ

Резюме

У статтi дослiджено дискретнi моделi клiтинних автоматiв для опису динамiки росту

пухлини та iмунного нагляду. Розглянуто три моделi зростаючої складностi: модель не-

контрольованої пролiферацiї, яка вiдтворює експоненцiальне розширення пухлинної по-

пуляцiї; модель пролiферацiї з просторовими обмеженнями, що демонструє логiстичне

насичення, зумовлене обмеженiстю мiкрооточення; а також модель iмунної вiдповiдi,

яка враховує взаємодiю ефекторних клiтин iз пухлинними клiтинами та хемотаксис,

опосередкований цитокiнами. Моделi реалiзовано на двовимiрних ґратках iз викори-

станням стохастичних правил оновлення, параметризованих бiологiчно обґрунтованими

швидкостями подiлу та загибелi клiтин. Чисельнi експерименти показують, що модель

неконтрольованого росту вiдтворює класичну експоненцiальну динамiку, тодi як мо-

дель iз просторовими обмеженнями приводить до S-подiбних кривих росту, узгоджених

iз динамiкою Ферхюльста. Модель iмунної вiдповiдi дозволяє моделювати взаємодiю

пухлинних клiтин, ефекторних лiмфоцитiв i цитокiнових сигналiв, виявляючи складнi

бiологiчнi режими, якi важко описати суто аналiтичними методами. Аналiз чутливостi

параметрiв виявляє критичнi режими секрецiї цитокiнiв та рекрутування ефекторних

клiтин, що визначають перехiд мiж стримуванням пухлини та її iмунним уникненням.

Ключовi слова: клiтиннi автомати, рiст пухлини, моделювання, iмунна вiдповiдь, хе-

мотаксис.
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