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 A B S T R A C T

Chimeric antigen receptor T (CAR T) cell therapy has emerged as a promising treatment for hematological 
malignancies, offering a targeted approach to cancer treatment. Understanding the complexities of CAR 
T-cell therapy within solid tumors poses challenges due to the intricate interactions within the tumor 
microenvironment. Mathematical modeling may serve as a valuable tool to unravel the dynamics of CAR T-cell 
therapy and improve its effectiveness in solid tumors. This study aimed to investigate the impact of spatial 
aspects in CAR T therapy of solid tumors, utilizing cellular automata for modeling purposes. Our main objective 
was to deepen our understanding of treatment effects by analyzing scenarios with different spatial distributions 
and varying the initial quantities of tumor and CAR T-cells. Tumor geometry significantly influenced treatment 
efficacy in-silico, with notable differences observed between tumors with block-like arrangements and those 
with sparse cell distributions, leading to the concept of immune suppression due to geometrical effects. This 
research delves into the intricate relationship between spatial dynamics and the effectiveness of CAR T therapy 
in solid tumors, highlighting the relevance of tumor geometry in the outcome of cellular immunotherapy 
treatments. Our results provide a basis for improving the efficacy of CAR T-cell treatments by combining them 
with other ones reducing the density of compact tumor areas and thus opening access ways for tumor killing 
T-cells.
1. Introduction

The advent of immunotherapy is revolutionizing cancer treatment. 
Among the many different immunotherapies available today, cellular 
immunotherapies based on modified patient-derived immune cells have 
emerged as promising concept [1]. Chimeric antigen receptor (CAR) 
T-cell therapy, one example of cell-based immunotherapies, relies on 
genetically engineering immune cells to express a synthetic receptor 
that targets surface antigens on tumor cells. CARs are composed of 
an antibody-derived extracellular domain that confers high specificity 
for tumor antigens, linked to intracellular signaling domains that drive 
𝑇  cell activation and effector function upon antigen binding. The 
generation of CAR T-cells begins by isolating 𝑇  cells from the patient’s 
blood, followed by ex vivo activation, expansion and genetic modifi-
cation to express the CAR receptor. Once reinfused into the patient’s 

∗ Corresponding author at: Mathematical Oncology Laboratory (MOLAB), Instituto de Matemática Aplicada a la Ciencia y la Ingeniería, Universidad de 
Castilla-La Mancha, Ciudad Real, 13005, Spain.

E-mail address: silvia.bordel@uclm.es (S. Bordel-Vozmediano).

bloodstream, CAR T-cells home to lymphatic organs and tumor tissue 
where they selectively bind to cancer cells expressing the targeted anti-
gen. Upon binding, the CAR receptor triggers the release of cytotoxic 
vesicles, leading to the destruction of the malignant cells [2,3].

Initially celebrated for its remarkable success in treating hemato-
logical malignancies [4,5], CAR T-cell therapy has faced challenges 
in addressing solid tumors. They are highly heterogeneous, including 
diverse antigen expression that limits tumor recognition and highly 
variable tumor microenvironments (TMEs) that inhibit CAR T-cell ef-
fector functions [6]. Despite these challenges, recent advancements 
in CAR T-cell engineering combined with a deeper understanding of 
tumor biology and immunology have renewed optimism for CAR T-cell 
success in solid tumors [7,8]. CAR T-cells have e.g., been genetically 
modified to enhance their effector functions, prolong their survival and 
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improve their migratory capacity within the TME [9]. However, the 
complexity and redundancy of immunosuppressive mechanisms still 
make it challenging to identify which modifications are critical for 
optimizing CAR T-cell performance in the TME.

Mathematical models, designed to describe, quantify, and predict 
multifaceted cell behavior, offer great potential for enhancing our 
understanding of CAR T-cell dynamics in solid tumors. By integrating 
experimental data and computational simulations, mathematical mod-
els may provide insights into the mechanisms underlying CAR T-cell 
efficacy or failure in the solid tumor microenvironment. Modeling can 
thus help unravel the interactions between tumor and immune cells 
in relation to microenvironmental parameters. Consequently, we have 
witnessed an extensive utilization of mathematical approaches in this 
domain in recent years. In hematological cancers, such as leukemia 
and lymphoma, mathematical models have focused on describing the 
kinetics of CAR T-cell expansion, interaction with tumor cells and 
the immune microenvironment within the bloodstream and lymphatic 
system and treatment associated toxicity [10–18]. Models used incorpo-
rated parameters such as CAR T-cell proliferation rates, tumor burden, 
cytokine levels, and immune cell interactions to predict treatment effi-
cacy and potential adverse effects. However, most of those works have 
developed models of compartmental type and thus assumed implicitly 
a well mixed population of CAR 𝑇  and tumor cells which does not 
reflect the biology of solid tumors. Mathematical modeling of CAR T-
cell function in solid tumors presents distinct challenges and models 
must encompass the varying spatial distribution of tumor cells and 
CAR T-cells within the tumor, distinct antigen expression levels, and 
diverse immunosuppressive TME niches. As models available to date 
have relied on assuming homogeneously mixed cancer and effector 
cell populations (see e.g. [19–23]), there remains a notable gap in the 
literature concerning the spatial dynamics of treatment response.

Our study aims to fill this gap by investigating the spatial dynamics 
of CAR T-cell therapy using cellular automata [24,25]. In recent years, 
the number of papers using CAs and agent-based models to study tumor 
growth accounting for immune interactions has been increasing [26–
33]. As example, Mallet et al. [29] developed a moderately complex, 
hybrid cellular automata model combined with a deterministic partial 
differential equation (PDE). In this model, they investigated the dy-
namics of tumor–immune system interactions by incorporating natural 
killer cells and cytotoxic T lymphocytes. They considered immune cell 
migration, death, and tumor lysis mediated by immune cells. Their 
findings revealed that depending on the strength of 𝑇  cell recruit-
ment and 𝑇  cell killing kinetics, tumors exhibited stable or unstable 
oscillations, and in some cases, were completely eradicated. Zouhri 
et al. [34] improved this model by incorporating additional biological 
aspects such as the effects of interleukin-2 on the immune response.

In our study, we used a cellular automaton (CA) to investigate how 
the spatial distribution of tumor cells in the TME modulates tumor cell 
accessibility and consequently impacts CAR T-cell efficacy. We find that 
the spatial arrangement of tumor cells significantly influences 𝑇  cell 
expansion and 𝑇  cell-mediated tumor elimination. Our study serves as 
a proof of concept, aiming not to analyze a specific tumor type or CAR 
T-cell construct but rather to explore the general influence of tumor 
geometry on CAR T-cell therapy efficacy. While we acknowledge that 
different tumors express distinct target antigens and that CAR T-cell 
specificity depends on these markers, our approach was intentionally 
designed to be broadly applicable across various tumor contexts. By ab-
stracting molecular and antigenic heterogeneity, our model highlights 
the fundamental role of spatial constraints and tumor architecture in 
shaping treatment outcomes, irrespective of tumor type or CAR T-cell 
design.

Although our model retains certain similarities between CAR T-
cells and conventional cytotoxic 𝑇  lymphocytes, particularly in the 
general concept of serial cytotoxic interactions, we have adapted these 
features to more accurately reflect the distinct behaviors of CAR T-
cells. As described by Weigelin et al. [35,36], both CAR T-cells and 
2 
𝑇  lymphocytes require multiple contacts, or ‘‘hits’’, with tumor cells to 
induce effective killing—a process known as serial killing. To represent 
this behavior, we implemented a probabilistic killing mechanism in 
which each interaction between a CAR T-cell and a tumor cell grad-
ually increases the probability of tumor cell death, in line with the 
cumulative cytotoxic effects observed in experimental studies [35,36].

In addition, our model incorporates CAR 𝑇  specific dynamics to 
account for their distinct biological properties. In particular, CAR T-
cell expansion is modeled as being stimulated directly by contact with 
tumor cells, replicating the antigen-driven proliferation characteristic 
of CAR T therapy [2,37]. Moreover, we assign higher probabilities of 
tumor cell killing per interaction to CAR T-cells compared to conven-
tional 𝑇  cells, capturing their enhanced cytotoxic potency and rapid 
activation upon antigen engagement.

2. Materials and methods

The primary aim of this study was to explore how different tumor 
geometries influence the response to CAR T-cell treatment by simulat-
ing the interaction between tumor cells and tumor-specific CAR T-cells 
using cellular automata. We aimed to determine whether tumor cells 
are equally accessible to CAR T-cells across various geometries and to 
identify differences in treatment response caused by tumor cell distri-
bution. Achieving this implementation requires careful consideration of 
the biological rules governing each cell type under investigation (see 
Fig.  1). Key processes to be incorporated include tumor cell prolifera-
tion and apoptosis thresholds as well as the viability and proliferative 
activity of CAR T-cells and the sustainability of their effector function. 
The details of all biological rules included in our CA are provided in 
this section.

2.1. Physical structure

The model consisted of a two-dimensional cellular automata operat-
ing on a 𝑚×𝑚 square lattice. Most of the simulations were run with 𝑚 =
200, thus a 4×104 cell-lattice. Some studies were repeated with 𝑚 = 400
(1.6×105 cells) to test the robustness of the results for larger lattice sizes, 
although always with similar results. Each site, can adopt one of three 
distinct states: 0 indicates an empty cell, 1 signifies a cell containing a 
CAR T-cell, and 2 denotes a cell occupied by a tumor cell. CAR T-cells 
are significantly smaller than typical tumor cells, a well-documented 
biological characteristic. Studies indicate that 𝑇  cells generally range 
between 5 and 10 μm in diameter, whereas tumor cells in solid tumors 
are considerably larger, with diameters spanning 10 to 20 μm [38–40]. 
This size disparity serves as the foundation for our modeling approach. 
Given that the average tumor cell diameter is approximately twice 
that of a CAR T-cell, we integrated this difference into our cellular 
automata framework by assigning one grid site to each CAR T-cell, 
while each tumor cell occupies four adjacent grid sites arranged in a 
square. This spatial representation ensures consistency with biological 
measurements: if the width of a single grid cell corresponds to the 
diameter of a CAR T-cell, then a tumor cell — being twice as large 
— must extend across two grid cells in each direction, thus covering a 
total of four adjacent grid sites. Given an average CAR T-cell diameter 
of approximately 10 μm [38], our spatial domain represents a 4 mm2

tissue area.
In the model, we used a Moore neighborhood with a radius of 1. 

It is important to note that tumor cells exhibit a higher degree of 
neighboring connections compared to CAR T-cells. Each CAR T-cell is 
surrounded by 8 neighboring cells, while each tumor cell is adjacent to 
12 neighboring cells.

Our study considered two distinct geometries for the distribution of 
tumor cells within the lattice: dense and sparse. In the sparse geometry, 
tumor cells were randomly distributed throughout the lattice, avoiding 
physical overlap and scattered uniformly without following a specific 
clustering pattern. In contrast, the dense tumor geometry involved 
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Fig. 1. Biological processes incorporated to the mathematical model. Isolated CAR T-cells have a fixed lifespan, 𝜏, while tumor cells proliferate at a fixed rate 𝜌. CAR T-cells are 
allowed to move through the lattice (but not tumor cells). When a CAR T-cell encounters a tumor cell, attaches to it and delivers its cytotoxic load. Tumor cells are capable of 
accumulating the cytotoxic load from multiple CAR T-cells. The probability of tumor cell death, denoted as 𝛼𝑛, depends on 𝑛, which represents the number of CAR T-cells it has 
interacted with. After interactions between a tumor cell and CAR T-cells, two options arise depending on the value of the duplication counter, 𝑛𝑑𝑢𝑝. If 𝑛𝑑𝑢𝑝 < 20, CAR T-cells that 
have released their cytotoxic load enter a duplication phase lasting 24 h (𝑡𝑑𝑢𝑝 = 24 h). Upon exiting this phase, CAR T-cells duplicate, with both the mother and daughter cells 
increasing 𝑛𝑑𝑢𝑝 by 1. If 𝑛𝑑𝑢𝑝 > 20, it means that CAR T-cells that have released their cytotoxic load can no longer duplicate because they have reached their maximum capacity. In 
this case, the CAR T-cell remains stationary, awaiting a recharge of its cytotoxic load, which takes 𝑡𝑐ℎ𝑎𝑟𝑔𝑒 = 8 h.
tumor cells clustered in a compact mass located at the center of the 
lattice, forming a dense and cohesive structure. In both scenarios, CAR 
T-cells were randomly positioned on the empty lattice sites.

The selection of initial CAR T-cell concentrations in our model was 
guided by the work of Cooper et al. [41], who developed a hybrid 
model of the anti-tumor immune response, integrating a cellular au-
tomaton and a system of partial differential equations. In their model, 
they assumed an initial effector 𝑇  cell concentration of approximately 
10−6 cells/μm2. Given the distinct functional advantages of CAR T-cells 
over conventional effector 𝑇  cells, such as enhanced antigen specificity, 
increased cytotoxicity, robust proliferation upon target engagement, 
and the formation of more stable immunological synapses [2], we 
selected higher initial CAR T-cell concentrations to more accurately 
reflect the enhanced therapeutic efficacy observed in clinical settings. 
As a result, our model implements initial CAR T-cell numbers ranging 
from 0 to 100 cells in the spatial region considered, corresponding to 2 
to 10 times the initial effector cell densities used by Cooper et al. [41]. 
This range is consistent with clinical observations, where CAR T-cell 
doses can vary substantially depending on patient-specific factors and 
the characteristics of the CAR construct [42].

2.2. Transition rules and biological parameter choices

Throughout the simulations, the status of individual lattice cells 
undergoes dynamic changes based on a set of transition rules governing 
the behavior and interactions of cells within the system. At each 
iteration of the simulation, these rules are applied, driving the ongoing 
updates to cell states and shaping the overall progression of the model. 
The values of the different biological parameters used in these rules are 
listed in Table  1.

Temporal variables. In our simulation framework, each discrete 
time increment corresponds to one hour. For scenarios with sparse 
tumor cells, we allotted a total duration of 1200 h, reflecting a time 
span of 50 days. Simulations portraying tumor cells consolidated into 
a dense, clustered structure spanned 2160 h, corresponding to a time 
frame of 90 days.

Tumor cell proliferation. The proliferation parameter chosen was 
𝜌 = 1∕1000 h−1 that corresponds to tumor doubling times over one 
month, thus describing fast-growing cancers are currently used only 
in late stages of the disease after standard treatments have failed. 
Thus, in current clinical settings CAR T-cells are used against aggressive 
advanced forms of the disease justifying our choice [14].

Lifespan and proliferation of CAR T-cells. Isolated CAR T-cells 
have a fixed lifespan (𝜏) which we estimated to be 𝜏 = 336 h (two 
weeks) based on recent literature [43,44]. After the exhaustion of CAR 
T-cell, they are removed from the lattice of the automata since they do 
not play a significant role anymore.
3 
CAR T — tumor cell interaction and killing kinetics. The T-
cell/target cell interaction parameters were obtained from recent exper-
imental works addressing the biological details of those processes [35,
36]. CAR T-cells possess a cytotoxic load that triggers apoptosis in 
tumor cells. Initially, each CAR T-cell has the maximum possible cy-
totoxic load. Encountering a tumor cell induces the release of the CAR 
T-cell’s cytotoxic load. After each hit, CAR T-cells require 8 h to fully 
replenish their cytotoxic load. Thus, throughout their lifespan, each 
CAR T-cell can execute a maximum of 42 cytotoxic hits. Nevertheless, 
it is plausible that during the simulation, some CAR T-cells may not 
come into contact with any tumor cells and, consequently, die without 
executing any targets.

Each tumor cell can be targeted by multiple CAR T-cells simul-
taneously or sequentially, leading to the accumulation of cytotoxic 
load of each contact. As the number of contacts increase, so does the 
likelihood of the tumor cell’s demise, where the probability of death 
as a function of the number of contacts is denoted by 𝛼𝑛. A single 
CAR T-cell contact results in a 5% probability of cell death. However, 
with two CAR T-cells interacting simultaneously, the probability rises 
to 12%. For three or four CAR T-cells, the likelihood of target cell 
death reaches 50%. When a tumor cell is hit by five or six CAR T-cells 
simultaneously, the probability of death jumps to 80%. Finally, with 
seven or eight simultaneous targets, the probability of cell death peaks 
at 99% [35,36]. After a tumor cell dies it is removed instantaneously 
from the lattice.

CAR T-cell proliferation. After releasing the cytotoxic load upon 
hitting a target, CAR T-cells enter the duplication phase. During this 
stage, CAR T-cells remain stationary, neither moving nor targeting, as 
they prepare for duplication. After a 24-h period, the CAR T-cell divides 
into two: the original cell and a new CAR T-cell. The original cell 
retains its remaining lifespan, while the new CAR T-cell is born with 
336 h of lifespan. Activated CAR T-cells have a maximum number of 
duplications, the so-called Hayflick limit [45,46], assumed to be 20 in 
this work and in line with biological evidence, although this number 
may depend on the patient’s age and immunological status [47]. The 
new CAR T-cell inherits the duplication count from the original cell. For 
instance, if the original cell has undergone 15 duplications, the count 
will be 16 in the subsequent time interval for both cells. Upon reaching 
the maximum number of duplications, the CAR T-cell ceases to divide. 
We have also studied scenarios with duplication periods different from 
24 h, with results listed in the Supplementary data.

Cell motility. Throughout the simulation, tumor cells remain static 
at predetermined locations, while CAR T-cells have the ability to move 
across the lattice. To implement this movement, we considered CAR 
T-cells to move randomly within their Moore neighborhoods once per 
time interval, in this case, one hour. Consequently, a CAR T-cell can 
move to one of the eight adjacent cells as long as they are unoccupied. 
CAR T-cells with no available space in their neighboorhood, remain in 
its current location.
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Fig. 2. Dynamics of CAR 𝑇  and tumor cells proliferation with a sparse initial tumor cell distribution. (A) Representative images of tumor and CAR T-cell distribution at different 
timepoints (in hours) during the simulation. (B-C) Expansion kinetics of the CAR 𝑇  (B) and tumor cell (C) populations. Starting cell numbers for this simulation were 1000 tumor 
cells and 20 CAR T-cells. CAR T-cells are shown in purple and tumor cells in red.
Table 1
Summary of biological parameter values used for the cellular automata.
 Parameter Value Units Source  
 𝜌 1/1000 hours−1 [14]  
 𝜏 336 hours [43,44] 
 𝑡𝑐ℎ𝑎𝑟𝑔𝑒 8 hours [35,36] 
 𝑛𝑑𝑢𝑝 20 dimensionless [35,36] 
 𝑡𝑑𝑢𝑝 24 hours [35,36] 
 0.05, if 𝑛 = 1  
 0.12, if 𝑛 = 2  
 𝛼𝑛 0.50, if 𝑛 = 3,4 dimensionless [35,36] 
 0.80, if 𝑛 = 5,6  
 0.99, if 𝑛 = 7,8  

2.3. Computational implementation

The model was implemented in MATLAB version: 9.12 (R2022a). 
To enhance the reliability of our analyses, we employed a fixed random 
seed across all simulations. This approach ensured reproducibility, as 
each rerun of the code produced identical initial cell arrangements. 
Such consistency facilitated not only the comparison of results but also 
the robust validation of the model’s predictive capabilities. Further 
4 
details regarding the code and visualization can be found in the Github 
repository https://github.com/sibordel/CellularAutomataCAR-T.git.

3. Results

3.1. Sparsely distributed tumor cells are more efficiently eliminated by CAR 
T-cells

To establish the dynamics of CAR T-cell-mediated killing we simu-
lated a sparse distribution of tumor cells randomly located within the 
computational domain (Fig.  2(A)). In this analysis, the number of CAR 
T-cells is represented as 𝑛𝐶 and the number of tumor cells as 𝑛𝑇  with 
1000 tumor cells and 20 CAR T-cells initially seeded. This translates to 
an effector (CAR T-cell) to target (tumor cell) ratio (ET ratio) of 1:100, 
reflecting a sparsely infiltrated tumor tissue.

Our simulation shows a strong expansion of the CAR T-cell popu-
lation after encountering tumor cells (Fig.  2(B)). The increasing CAR 
T-cell numbers are accompanied by a decrease in the number of tu-
mor cells over time (Fig.  2(C)), demonstrating the effectiveness of 
CAR T-cell therapy in targeting and eliminating sparsely distributed 
tumor cells. The number of tumor cells peaks at hour 168, just before 

https://github.com/sibordel/CellularAutomataCAR-T.git
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Fig. 3. Dynamics of CAR 𝑇  and tumor cells with a dense and compact initial tumor cell distribution. (A) Representative images of tumor and CAR T-cell distribution at different 
timepoints (in hours) during the simulation. (B, C) Expansion kinetics of the CAR 𝑇  (B) and tumor cell (C) populations. Starting cell numbers: 1000 tumor cells and 20 CAR 
T-cells. CAR T-cells are shown in purple and tumor cells in red.
initiating a robust decline, indicating the timepoint at which CAR T-
cells reached a sufficient density to effectively target and eliminate the 
tumor cells. This correlated with an effector to target cell ratio (ET 
ratio) of approximately 1:15.

To address how the geometry of tumor cell positioning affects CAR 
T-cell-mediated killing of tumor cells, we proceeded to study a scenario 
where tumor cells were arranged in a cell-dense, compact solid tumor-
like configuration (Fig.  3(A)). Similarly to the setup with sparse tumor 
cell distribution, we initially seeded 1000 tumor cells and 20 CAR T-
cells. Tumor cells were arranged in a compact shape located at the 
center of the automata (Fig.  3(A)) and the simulations covered a period 
of 90 days (2160 h).

In this scenario, the dense clustering of tumor cells limited physical 
contacts between CAR T-cells and their targets to the tumor-tissue 
interface. Consequently, CAR T-cell expansion was significantly re-
duced, compared to the sparse tumor cell distribution. Specifically, the 
maximum CAR T-cell count peaked after 2805 h, significantly later 
compared to the simulation with sparse tumor cell distribution (after 
1004 h). Correspondingly, the peak number of tumor cells was recorded 
at 𝑡 = 1048 h, significantly later than in the sparse configuration where 
tumor cell numbers peaked at hour 𝑡 = 168.
5 
3.2. Insensitivity of model results to tumor proliferation rates

In our study, we assumed a constant proliferation rate of tumor 
cells. Previous research [11] explored a range of values for this rate 
ranging from 1∕720 to 1∕1440 h−1. For most simulations in this paper 
we chose a rate of 1∕1000 h−1, roughly in the middle of this range. 
To address, whether this value accurately represented the system or 
if adjustments would affect our model’s behavior we explored a broad 
range of 𝜌 values for tumor cells distributed sparsely (Fig.  4) or as com-
pact tumor mass (Fig.  5). In both settings, tumor cells were randomly 
distributed with a fixed number of initially seeded tumor and CAR T-
cells. For sparsely distributed and clustered tumor cells, the evolution 
of cell populations over time showed comparable trends across all 
three 𝜌 values. This suggests that the proliferation rate 𝜌 may not have 
had a significant impact on model dynamics within the investigated 
parameter range. This relative insensitivity of the model to changes 
in 𝜌 indicates a robustness in cellular dynamics against fluctuations 
in this parameter, observed for both sparse and compact tumor cell 
configurations.
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Fig. 4. Dynamics of sparse tumor cell configurations for different values of 𝜌. All simulations started with 1000 tumor and 20 CAR T-cells. One hundred different random seeds 
were simulated. The 𝑛𝐶𝑚𝑎𝑥

 and 𝑛𝑇𝑚𝑎𝑥  curves represent the maximum value of CAR T-cells and tumor cells, at each time step of the simulation across the set of all simulations. 𝑛𝐶𝑚𝑖𝑛

and 𝑛𝑇𝑚𝑖𝑛  curves represent the minimum values of CAR T-cells and tumor cells at each time step. The 𝑛𝐶𝑚𝑒𝑎𝑛
 and 𝑛𝑇𝑚𝑒𝑎𝑛  curves show the mean of all simulations. Panels display the 

behavior for different values of 𝜌. (A1, A2) 𝜌 = 1∕720 h−1, (B1, B2) 𝜌 = 1∕1000 h−1, (C1, C2) 𝜌 = 1∕1440 h−1. CAR T-cell (A1, B1, C1) and tumor cell (A2, B2, C2) population 
dynamics are shown. Data from 100 simulations for each set of parameter values.
3.3. Dependence of treatment efficacy on CAR T-cell homing to the tumor

CAR T-cell numbers in the tumor depend on CAR T-cell proliferation 
in the TME and initial CAR T-cell extravasation from the blood vessels. 
We thus tested how the initial number of CAR T-cells present at the 
beginning of the simulation affects tumor immune control, simulating 
varying CAR T-cell extravasation rates in vivo. In these simulations, we 
fixed the initial tumor cell count to 600 and varied the number of CAR 
T-cells (10, 20 or 40 CAR T-cells). For both the sparse and compact tu-
mor cell configurations, we conducted 100 simulations using different 
random seeds for each choice of cell numbers and configuration. The 
corresponding graphs for the cases of 800, 1000, 1200, and 1400 initial 
tumor cells can be found in the Supplementary data.

The simulations confirmed the previously observed differences in 
CAR T-cell expansion and tumor cell elimination in sparse (A1, B1, 
C1) and compact (A2, B2, C2) tumor cell configurations (Fig.  6). The 
maximum number of CAR T-cells was substantially higher when tumor 
cells were sparsely distributed, and the peak was reached earlier in 
6 
the simulation. In simulations with compact tumor configurations, CAR 
T-cell numbers consistently remained close to zero, corresponding to 
a large fraction of simulations with minimal CAR T-cell expansion 
(Fig.  6, A2, B2, C2). However, comparing the maximum CAR T-cell 
numbers and the timepoints the peak was reached showed no sig-
nificant differences between simulations starting with different CAR 
T-cells numbers. This indicates that the initial number of CAR T-cells 
has less impact on the maximum expansion compared to the CAR 
T-cell-intrinsic proliferation rate.

3.4. Initial tumor load determines peak CAR T expansion and initial number 
of cells injected influences time to peak

To quantify the relation between CAR T-cells initially present at the 
start of the simulation and the impact of tumor cell numbers on the 
timepoint of maximum CAR T-cell expansion, we plotted the maximum 
count of CAR T-cells (Fig.  7(A1, A2)) and the time when it occurred 
(Fig.  7(B1, B2)) in sparsely and clustered tumor cell distributions with 
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Fig. 5. Dynamics of compact tumor cell configurations for different values of 𝜌. All simulations started with 1000 tumor and 20 CAR T-cells. One hundred different random seeds 
were simulated. The 𝑛𝐶𝑚𝑎𝑥

 and 𝑛𝑇𝑚𝑎𝑥  curves represent the maximum value of CAR T-cells and tumor cells, at each time step of the simulation across the set of all simulations. 𝑛𝐶𝑚𝑖𝑛

and 𝑛𝑇𝑚𝑖𝑛  curves represent the minimum values of CAR T-cells and tumor cells at each time step. The 𝑛𝐶𝑚𝑒𝑎𝑛
 and 𝑛𝑇𝑚𝑒𝑎𝑛  curves show the mean of all simulations. Panels display the 

behavior for different values of 𝜌. (A1, A2) 𝜌 = 1∕720 h−1, (B1, B2) 𝜌 = 1∕1000 h−1, (C1, C2) 𝜌 = 1∕1440 h−1. CAR T-cell (A1, B1, C1) and tumor cell (A2, B2, C2) population 
dynamics are shown. Data from 100 simulations for each set of parameter values.
increasing numbers of initial tumor cells. For each condition, we ran 
100 independent simulations. From these, we extracted the highest 
number of CAR T-cells reached across all simulations and recorded the 
corresponding time in the simulation at which this maximum occurred. 
These values reflect the global peak expansion dynamics under each 
scenario and correspond to the variable 𝑛𝑐𝑝𝑒𝑎𝑘  analyzed in Fig.  6 and 
Figures 3–6 of the Supplementary data.

For sparsely distributed tumor cells, we found that the maximum 
number of CAR T-cells increased depending on the number of tumor 
cells seeded at the beginning of the simulation (Fig.  7(A1)). While the 
peak number of CAR T-cells did not depend on the number of CAR 
T-cells seeded initially, the timing of its occurrence did (Fig.  7(B1)). 
We consistently observed an earlier occurrence of the maximum CAR 
T-cell expansion with increasing initial CAR T-cell numbers. The time 
required to reach the maximum CAR T-cell expansion was independent 
on the initial number of tumor cells in the range studied (Fig.  7(B1)). 
Consistently, in simulations with clustered tumor cells, the initial num-
ber of tumor cells influenced the maximum expansion of CAR T-cells 
(Fig.  7(A2)) and the initial number of CAR T-cells modulated the 
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timepoint when the peak expansion was reached (Fig.  7(B2)), but both 
effects were weaker than in simulations with sparsely distributed tumor 
cells.

In summary, the initial number of tumor cells influenced the max-
imum expansion of CAR T-cells but not the time until the peak expan-
sion was reached. In contrast, the initial number of CAR T-cells did not 
influence the maximum expansion of CAR T-cells but accelerated the 
time until the peak expansion was reached.

3.5. Initial states determine therapy success or failure

Finally, to comprehensively evaluate tumor response to CAR T-cell 
treatment at the end of the simulation for sparsely and clustered tumor 
cell distribution and the initial quantities of tumor and CAR T-cells, 
we applied extensive simulations (Fig.  8(A, B)). For each configuration 
and pair of values of the initial tumor and CAR T-cell numbers we run 
20 simulations and classified the response for each choice of the initial 
number in either complete response (elimination of all cancer cells in 
all of the 20 simulations), no response (mean growth of tumor cells) 
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Fig. 6. Dynamics of CAR T-cell populations for 𝑛𝑇 = 600 initial tumor cells and varying initial values of CAR T-cells. Pink, yellow and green lines represent respectively the 
maximum, average and minimum values obtained at each time step after conducting 100 simulations with different initial configurations. Results are shown for sparse (A1, B1, 
C1) or compact (A2, B2, C2) initial tumor cell configurations and 10 (A1, A2), 20 (B1, B2) or 40 (C1, C2) initial CAR T-cells. Data from 100 simulations for each set of parameter 
values. Supplementary data contains the corresponding graphs for the cases of 800, 1000, 1200, and 1400 initial tumor cells.
and different categories depending on whether the mean tumor cell 
number reduction at the end of the simulation was between 0%–25%, 
25%–50%, 50%–75%, 75%–100%. A total of 33 different values of the 
initial tumor load and 100 values of the initial number of CAR T-cells 
where studied leading to a total of 66000 simulations. We observed a 
full range of therapy response, ranging from complete tumor remission 
to immune evasion indicated by continued tumor growth (Fig.  8(A, B)).

The count of CAR T-cells increases incrementally from 1 to 100, 
while the number of tumor cells varies in increments of 25, ranging 
from 600 to 1400. Consequently, each graph comprises a total of 330 
data points.

Complete tumor remission was observed with higher frequency in 
simulations where tumor cells were sparsely distributed, while com-
plete remission was never observed in clustered tumor cells (Fig.  8(A, 
B)). Furthermore, in the case of sparse tumor configurations, treat-
ment appears to be largely effective, as indicated by the scarcity of 
simulations resulting in overall tumor growth or response rates below 
50% response rate (Fig.  8(A)). Conversely, in simulations starting with 
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already clustered tumor cells, treatment efficacy is diminished, with 
minimal tumor reduction observed in the majority of cases (Fig.  8(B)). 
In both tumor geometries, efficacy was dependent on CAR T-cell num-
bers at the beginning of the simulation. Even sparsely distributed tumor 
cells could be controlled when less than 25 CAR T-cells were present at 
the beginning of the simulation, representing a starting ET ratio ranging 
from 1:24–1:56, depending on the number of tumor cells present. In 
contrast, 94% of the tumors were eradicated when the starting ET ratio 
ranged from 1:6–1:14. In compact tumors, no tumor decreased more 
than 50% at ET ratios ranging from 1:14–1:31 or lower while tumor 
response rates ranged between 75%–100% at ET ratios of 1:6–1:14. 
Interestingly there was a sustained trend in reduction of CAR T-cell 
effectiveness in compact tumors with increasing numbers of tumor cells 
which was not observed for sparsely distributed tumor cells (Fig.  8(A, 
B)). The perimeter to surface area decreases with increasing radius and 
thus indicates tumor size as a major determinant of treatment failure 
when CAR T-cells infiltrate the tumor from the tumor-tissue interfaces.
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Fig. 7. Peak number and time of peak expansion of CAR T-cells in sparse and dense tumor cell configurations. (A1, A2) Maximum number of CAR T-cells obtained for different 
initial values of CAR 𝑇  (10, 20, 40) and tumor cells (600, 800, 1000, 1200, 1400). (B1, B2) Time to peak CAR T-cell expansion for the numbers of CAR 𝑇  and tumor cells. The 
exact values from the graph can be found in Supplementary data.
4. Discussion

The interest in mathematical descriptions of immunotherapy treat-
ments for cancer, specifically targeting CAR T-cells, has been steadily 
growing. This trend reflects a recognized need to enhance our un-
derstanding of the intricate dynamics involved in immunotherapeutic 
approaches that involve in-patient expansion of the drug, exhaustion, 
phenotype changes between the different 𝑇  lymphocytes injected and 
their competition with the target tumor cells and the off-tumor on 
target effects as well as treatment toxicity. Mathematical modeling 
provides a valuable tool for dissecting the complex interactions be-
tween effector cells and target cells, offering insights into treatment 
efficacy and suggesting potential optimization strategies. This study 
contributes to the ongoing efforts to leverage mathematical frameworks 
for advancing cancer immunotherapy research.

Most mathematical studies available up to now have focused on 
the global interactions between the effector and target cells by using 
compartmental differential equation models to describe CAR T-cell 
immunotherapy [10–18,48–54]. However, the interactions between 
T-lymphocytes and cancer cells require a direct physical interaction be-
tween both types of cells. This is why in this study we considered spatial 
aspects of the interactions using a cellular automata. This methodology 
enabled us to elucidate the nuanced cellular-level dynamics, yielding 
valuable insights into the mechanisms governing CAR T-cell therapy. 
Grounded in cellular automata, our modeling approach facilitated a 
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comprehensive exploration of the spatial dimension in cellular dynam-
ics. Unlike conventional models reliant on differential equations, do not 
account for spatial interactions, our method provided a more realistic 
depiction of cell distribution and organization within tumor tissue.

Consequently, here we intended to provide a complementary per-
spective in precisely evaluating the impact of tumor geometry on the 
effectiveness of CAR T-cell immunotherapy. Our focus was on studying 
how different tumor geometries could influence the effectiveness of 
CAR T-cell therapy, thus providing some sort of geometrical immune 
suppression mechanism that could add to others known to be present 
in solid tumors.

Our overarching objective was to enhance our understanding of 
the dynamics and outcomes associated with this treatment approach 
by investigating diverse scenarios encompassing varying initial counts 
of tumor cells and CAR T-cells. An important finding emerging from 
this research highlights the significant impact of tumor geometry on 
treatment effectiveness, revealing notable differences in responses be-
tween tumors characterized by compact cellular arrangements and 
those with sparse cells configurations. This disparity can be directly 
attributed to the increased frequency of interactions between tumor 
and CAR T-cells within sparse tumors. By fostering a higher initial 
contact density, sparse tumors facilitate greater opportunities for cell 
duplication, resulting in a more robust expansion of the CAR T-cell 
population compared to compact tumors. This observation not only 
aligns with clinical evidence showing better outcomes of CAR T-cell 
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Fig. 8. Impact of the initial number of tumor cells, CAR T-cells, and tumor geometry on treatment outcome. Sparse (A) and compact (B) tumor geometries were explored. For each 
value of the tumor cell number in the range 600 to 1400 cells (Y axis) and CAR T-cell number in the range 1 to 100 (X axis) each point indicates the outcome of 20 simulations 
with different initial random seeds. Red indicate growth of the mean of the simulations in comparison with the initial number of tumor cells, pink denotes <25% reduction, orange 
represents 25%–50% reduction, yellow corresponds to 50%–75% reduction, green indicates >75% reduction, and blue denotes complete remission in all of the 20 simulations.
therapy in hematologic malignancies like leukemias, lymphomas, and 
myelomas [55,56] and highlights another effect that could limit the 
efficacy of these treatments on solid tumors. Despite ongoing advance-
ments, effectively translating these therapeutic benefits to solid tumors 
remains a formidable challenge [57–59].

The initial spatial placement of CAR T-cells relative to tumor cells 
is a critical factor influencing their infiltration and subsequent engage-
ment with the tumor mass. In our model, CAR T-cells are initially 
distributed randomly across the domain, reflecting the clinical prac-
tice of administering CAR T-cells via systemic infusion [2,60], which 
typically results in a relatively random localization within the patient’s 
bloodstream. However, due to the absence of vascular structures in our 
current two-dimensional model, CAR T-cells cannot infiltrate the tumor 
mass, and this aspect is not considered in this version of the model. 
The infiltrative capacity of CAR T-cells in solid tumors is severely 
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limited by the challenging tumor microenvironment. Upon reaching 
the tumor, CAR T-cells encounter significant obstacles, including an 
immunosuppressive environment, which hampers their ability to ef-
fectively penetrate the tumor core and engage with cancer cells. This 
ultimately hinders their therapeutic activity and allows tumor growth 
to persist [59,61]. As a result, in our model, the interactions between 
CAR T-cells and tumor cells are predominantly confined to the tumor 
periphery, leaving the interior of the tumor block largely intact.

Our observations highlight an interesting aspect regarding the initial 
population of CAR T-cells and its temporal impact on treatment dynam-
ics. We noted that the initial number of CAR T-cells notably influences 
the time required to reach the peak CAR T-cell count in the system. This 
implies that the temporal dynamics of treatment are influenced by the 
number of injected cells. More precisely, we found that a larger initial 
population of CAR T-cells correlated with a shorter time to reach the 
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peak CAR T-cell count. It is remarkable that the inverse relationship 
between initial CAR T-cell numbers and time to peak arises as an 
emergent phenomenon of the model dynamics. This trend consistently 
appeared across all parameter combinations explored, regardless of 
specific values, indicating that it is not simply a result of particular 
parameter choices. Interestingly, this behavior has also been reported in 
simpler compartmental models [11], suggesting that it may be a general 
feature of CAR T-cell expansion dynamics. Even more relevant is the 
fact that there was a sustained trend in reduction of effectiveness of the 
treatment in compact tumors as the number of cancer cells increased 
that was not as evident in sparse tumors. It is clear that the perimeter 
to surface area decreases with the radius and thus lesion size would 
be a major determinant of treatment failure in compact solid tumors. 
Additionally, we observed that the timing of the CAR 𝑇  population 
peak was also influenced by other model parameters. One important 
factor is the CAR T-cell duplication time (𝑡𝑑𝑢𝑝), which we set to 24 h 
in the main text. To explore the effect of this parameter, we performed 
additional simulations in the Supplementary data using 𝑡𝑑𝑢𝑝 values of 48 
and 72 h. The results show that longer duplication times delay the peak 
of CAR T-cell expansion, highlighting the role of intrinsic proliferation 
kinetics in shaping treatment dynamics. Our CAR T-cell expansion is 
slower than that observed in the clinical setting, where peak expansion 
typically occurs around 1–2 weeks after infusion [62]. In our model, 
with the parameters used in the main text, peak expansion occurs 
around 24 days after infusion, although this timing may vary depending 
on the specific model parameters. This slower expansion is reasonable 
given that our model operates in a two-dimensional spatial context 
where there is less room for interactions and growth compared to 
three-dimensional environments.

The combination of CAR T-cells with treatments that make tumors 
more accessible to T-cells could be crucial for success. For exam-
ple, radiopharmaceutical therapies (RPTs) could use the same surface 
molecule/antigen as the CAR product. Due to their different mecha-
nisms of action, CAR 𝑇  treatments could be more effective after RPTs, 
as the increased accessibility to internal tumor areas created by RPTs 
would render solid tumors more susceptible to CAR T-cells. High-risk 
localized prostate cancer has a high recurrence rate due to failed local 
control and micrometastatic disease. Lutetium PSMA, a radioligand 
targeting PSMA-expressing prostate cancer cells, has shown efficacy 
in metastatic castration-resistant prostate cancer. Combining lutetium 
PSMA with systemic immunotherapies could enhance the anti-tumor T-
cell response, potentially improving long-term immunity and targeting 
occult micrometastases [63].

However, it is essential to acknowledge the limitations inherent in 
our study. The cellular automata model we utilized represents only a 
small fraction of the tissue, specifically 4 mm2. It could be relevant 
to extend the model to a larger scale, encompassing broader tissue 
areas, including vessels and other elements of the tumor microenviron-
ment. Transitioning to a larger scale would permit a more thorough 
assessment of how cellular processes and tissue interactions manifest 
at a macroscopic level. Furthermore, given that our current cellular 
automata model operates within a two-dimensional domain, it is impor-
tant to acknowledge that this approach, while valuable, does not fully 
capture the three-dimensional complexity observed in actual tumor 
tissues. Tumors exist in a highly intricate three-dimensional microenvi-
ronment where spatial interactions, diffusion dynamics, and cell-to-cell 
communication occur in a manner that cannot be entirely replicated 
in a two-dimensional framework. Consequently, future research should 
focus on extending the model into three dimensions to better reflect 
these biological realities. Implementing a three-dimensional cellular 
automata model would allow for a more accurate representation of 
tumor morphology, heterogeneity, and the spatial distribution of CAR 
T-cells within the tumor mass. This advancement could provide deeper 
insights into treatment dynamics, ultimately enhancing the clinical 
relevance and predictive power of our modeling approach. These de-
liberations underscore the importance of ongoing exploration and re-
finement of our modeling methodologies to achieve a more holistic and 
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precise representation of biological systems in the context of CAR T-cell 
therapy.

Our study addresses treatment of a late stage cancer, that in general 
tend to be invasive and more migratory than early stage ones. One 
may wonder if the lack of movement of cancer cells in the model 
would adequately reflect the biology and if allowing cancer cells to 
move could change the results. This is an interesting question for 
which additional computational work could be developed. Our focus 
was to investigate spatial interactions between CAR T-cells and tumor 
cells within a static environment. Although late-stage cancers are often 
more invasive, our model did not include cancer cell migration due 
to the lack of details of several aspects affecting cancer cell motility 
including tissue structures, such as extracellular matrix or vasculature, 
which is essential for tumor invasion, that are beyond the scope of this 
study. Nonetheless, we believe our conclusions would remain valid, 
particularly for solid epithelial tumors where the bulk tumor mass is 
largely immobile, and spatial organization primarily governs treatment 
dynamics. Sparse tumors, would allow for tumor cell movement that it 
is not likely to affect the outcome significantly, as CAR T-cell expansion 
ensures sufficient interactions regardless of target cell mobility. While 
future versions of the model may include migration, the static approach 
used here could be appropriate for addressing the question of how 
tumor geometry influences CAR T-cell efficacy.

In our model, the probabilities governing tumor cell death were 
based on experimental work by Weigelin et al. [35,36], which support 
an additive cytotoxicity mechanism. Those studies show that a single 𝑇
cell contact rarely induces immediate apoptosis, but that the likelihood 
of tumor cell death increases cumulatively with each additional contact. 
Accordingly, our model incorporates a progressive killing probability — 
from 5% for a single contact to over 80% with multiple interactions — 
consistent with these findings. Other authors such as Korrel et al. [64] 
based on results originally reported by Cazaux et al. [65], have found 
that approximately 70% of tumor cell apoptosis results from direct CAR 
T-cell killing, where a single CAR T-cell interacts with one tumor cell. 
This discrepancy suggests that there may be a differences on this aspect 
of the CAR T-cell-tumor cell killing kinetics depending on many factors 
that could include the specific CAR 𝑇  product, nature of the antigen and 
its expression level, level of exhaustion, etc. This leaves a door open 
for further explorations that may have an impact of the outcome of the 
treatments.

Activated CAR T-cells engaging tumor cells release cytokines that 
have a chemotactic effect on other CAR T-cells that result in their 
motion towards the tumor mass. In an earlier version of our study 
we implemented some rules to describe this phenomenon that did not 
change the qualitative dynamics in what concerns the role of the tumor 
morphology, that is the goal of this research. A proper fitting of those 
chemotactic phenomena requires identifying many additional parame-
ters related to the chemoattractant secretion, diffusivity, response of 
the CAR T-cells to the chemical, duration of the response, etc., we 
opted for removing this mechanism from the model. However, this 
is a very interesting phenomenons that deserves further attention and 
would correspond a natural extension of our model presented here.

In our modeling approach, we simplified our representation by 
assuming that tumor cells do not experience changes over time. This 
simplification does not capture the full dynamic complexity of tumors, 
where genetic mutations and phenotypic heterogeneity are known to 
occur, although probably on longer timescales. Such mutations can 
lead to the emergence of therapy-resistant cell phenotypes, posing 
challenges to treatment efficacy. Moreover, tumors can develop im-
mune evasion mechanisms, such as upregulation of immune checkpoint 
pathways, which may suppress CAR T-cell activity and limit ther-
apeutic success. This phenomenon, commonly referred to as tumor 
escape, underscores the importance of considering the dynamic evo-
lution of tumor cells in therapeutic strategies. In our model, we also 
assume that all tumor cells express the specific antigen targeted by 
CAR T-cells. Since no genetic mutation or antigen-loss mechanism is 
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implemented, antigen expression remains homogeneous throughout the 
tumor population. This simplification allows us to focus on spatial 
dynamics, but it does not capture the possibility of immune escape due 
to antigen loss variants. The study of the dynamics of antigen loss and 
emergence of resistant subpopulations during CAR T-cell treatments 
is a very relevant problem that could also be addressed with cellular 
automata. Incorporating tumor heterogeneity, genetic variability, and 
immune evasion mechanisms into simulation models could provide a 
more comprehensive understanding of disease dynamics and enable 
the development of more effective CAR T-cell therapies capable of 
overcoming resistance and improving treatment outcomes.

Recent advancements in CAR T-cell engineering have introduced 
strategies to enhance efficacy against solid tumors. One such approach 
involves armored CAR T-cells, which are genetically modified to se-
crete cytokines or express cytokine receptors, thereby modulating the 
tumor microenvironment to overcome immunosuppressive barriers. For 
instance, CAR T-cells engineered to secrete IL-12 have demonstrated 
improved antitumor activity in preclinical models by enhancing the 
immune response within the tumor environment [66,67].

Another promising strategy is the development of bispecific CAR 
T-cells, designed to target multiple tumor-associated antigens simulta-
neously. This dual-targeting capability addresses tumor heterogeneity 
and reduces the likelihood of antigen escape, a common challenge 
in solid tumor treatment. Studies have shown that bispecific CAR T-
cells targeting antigens such as FAP and GPC3 can effectively control 
heterogeneous hepatocellular carcinoma in preclinical models [68].

5. Conclusion

In summary, our study highlights the relevance of considering spa-
tial aspects when describing CAR T-cell immunotherapy mathemati-
cally. We have found a key role of the tumor geometry indicating 
a mechanism of ‘geometrical’ immune suppression based on the ac-
cessibility of tumor cells to infiltrating immune cells. We have also 
highlighted the relevant effect of tumor size and number of CAR T-
cells homing to the tumor for the control of compact tumors, but 
not on sparse tumors that are easy to access for the curative effector 
cells. Moving forward, continued refinement and validation of cellular 
automata models will be essential to fully harness their potential and 
facilitate the development of more effective CAR T-cell therapies.
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