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Introduction

he immune system is a remarkable defense
mechanism that safeguards the human body
against a wide range of pathogens, includ-
ing viruses, bacteria and parasites [1]. Com-
prising an intricate network of cells, mol-
ecules, and organs, the immune system plays a pivotal
role in maintaining health and combating diseases [2].
Understanding the complex dynamics and functionality
of the immune system is crucial for developing effective
therapies, interventions, and preventive strategies [3].

Modeling the immune system provides a means to gain
insights into its intricate workings, uncover the under-
lying principles governing immune responses and pre-
dict the outcomes of various perturbations. Agent-based
modeling (ABM) has emerged as a powerful computa-
tional tool for simulating and studying the behavior of
complex systems, including the immune system [4-8].
ABM allows for the representation of individual entities,
referred to as agents and their interactions, enabling the
exploration of emergent behaviors that arise from the
collective actions of these agents [4, 8-11].

This review provides a mini-review of ABM and its ap-
plications in modeling the immune system. By simulat-
ing the behavior of immune cells, signaling molecules,
and other components, ABM can shed light on the in-
tricate dynamics of immune responses and offer valu-
able insights into the development and progression of
diseases [12]. ABM captures the heterogeneity observed
within the immune cell population, accounting for varia-
tions in behavior, functional properties, and response to
stimuli. Additionally, ABM enables the integration of
spatial effects, simulating immune cell trafficking and
interactions within tissues [13].

Below, this study explores the advantages and chal-
lenges of using ABM for immune system modeling,
discusses key applications of ABM in this field and
highlights potential future directions for research. By
harnessing the power of ABM, we can enhance our un-
derstanding of the immune system’s intricacies and pave
the way for the development of more targeted and effec-
tive interventions in the battle against diseases.

Agent-based modeling (ABM)

ABM is a computational modeling technique that has
gained popularity in various scientific disciplines for
studying complex systems. ABM provides a flexible and
intuitive framework for simulating the behavior and in-
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teractions of autonomous entities, known as agents, to
understand emergent phenomena that arise from their
collective actions. In the context of the immune system,
ABM allows for the simulation and analysis of the be-
havior of individual immune cells, signaling molecules,
and other components, providing insights into the dy-
namics of immune responses [4, 14].

ABM operates on the principle that the collective be-
havior of a system can be understood by modeling the
interactions and behaviors of its agents. Each agent in
an ABM represents an autonomous entity with its set of
rules and characteristics. Agents can exhibit adaptive be-
havior, respond to stimuli and interact with other agents
and their environment based on predefined rules. These
interactions can be spatially explicit, allowing for the
simulation of cell movement and localization within tis-
sues [8, 9].

One of the key advantages of ABM is its ability to cap-
ture heterogeneity within the immune cell population.
Immune cells exhibit diverse phenotypes, functional
properties, and response patterns. ABM allows for the
representation of this heterogeneity, enabling the model-
ing of individual immune cells with distinct characteris-
tics and behaviors [14]. By incorporating this variation
into the model, ABM can simulate a more realistic im-
mune response, providing a deeper understanding of the
system’s dynamics.

Spatial effects play a crucial role in immune system
function, as immune cells navigate through tissues to
locate and eliminate pathogens or infected cells. ABM
provides a spatially explicit framework for modeling
immune cell trafficking and interactions within specific
tissue compartments [14]. By considering the spatial or-
ganization of cells and their movement rules, ABM can
simulate the migration of immune cells, their encounters
with pathogens or antigen-presenting cells and the sub-
sequent immune response.

Another important aspect of immune system model-
ing is the stochastic nature of immune cell behavior and
immune responses. ABM allows for the incorporation
of stochasticity, capturing the inherent randomness and
variability observed in immune system dynamics [5, 11].
This stochasticity can arise from various factors, such as
receptor-ligand interactions, cytokine production, and
cell fate decisions. By integrating stochasticity into the
model, ABM can generate probabilistic outcomes that
more accurately reflect the variability observed in ex-
perimental data [11, 14].
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ABM also provides a flexible framework for incor-
porating various biological components and processes
into the model [15-17]. It can capture the interactions
between immune cells and signaling molecules, such as
cytokines, antibodies, and chemokines. ABM can simu-
late the impact of immunomodulatory factors, such as
immune checkpoints or regulatory T cells, on immune
responses. By integrating these components, ABM en-
ables the exploration of complex regulatory mechanisms
and the investigation of the effects of perturbations on
the immune system.

Accordingly, ABM offers a powerful approach for
modeling the immune system, allowing for the simu-
lation and analysis of the behavior and interactions of
individual immune cells, signaling molecules, and other
components [15-19]. ABM’s ability to capture heteroge-
neity, incorporate spatial effects, and integrate stochas-
ticity provides valuable insights into immune system dy-
namics. By harnessing the potential of ABM, researchers
can gain a deeper understanding of immune responses,
infection dynamics and the development of immunother-
apies. For instance, ABM has been used to simulate the
interactions between tumor cells and the immune system
in the melanoma model [18]. ABM has also been applied
to study the emergent behaviors of immune system cells
and their interactions [16]. Moreover, ABM has been
used to develop an interactive reference framework for
modeling a dynamic immune system [19]. Additionally,
ABM has been used to compute the information trans-
ferred by viral proteins in the immune system, which can
help identify the biological processes susceptible to dys-
regulation [17]. These studies demonstrate the potential
of ABM in modeling the immune system and its applica-
tions in various areas of immunology research.

Advantages of agent-base modelling for modeling
the immune system

ABM offers several advantages for modeling the im-
mune system, providing a valuable tool for studying the
complex behavior and dynamics of immune responses.
The following section outlines the key advantages of
ABM in the context of immune system modeling.

Representation of heterogeneity

The immune system consists of diverse cell types, each
with distinct functions, phenotypes, and response pat-
terns. ABM allows for the representation of this hetero-
geneity within the immune cell population. By modeling
individual immune cells with their specific characteris-
tics and behaviors, ABM can capture the variations ob-
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served in immune responses. This ability to account for
heterogeneity enhances the realism and accuracy of the
immune system model [20-22].

Simulation of spatial effects

Spatial organization and cell movement are critical fac-
tors in immune system function. Immune cells navigate
through tissues, interacting with pathogens, antigen-
presenting cells, and other immune cells. ABM provides
a spatially explicit framework, allowing researchers to
simulate immune cell trafficking and interactions within
specific tissue compartments. By considering the spatial
aspects of immune responses, ABM enables the investi-
gation of cell migration, localization and the impact of tis-
sue microenvironments on immune cell behavior [20, 21].

Incorporation of stochasticity

The behavior of immune cells and immune respons-
es is inherently stochastic. Numerous factors, such as
receptor-ligand interactions, cytokine production, and
cell fate decisions, exhibit inherent randomness and
variability. ABM can incorporate stochasticity into the
model, capturing this natural variation in immune sys-
tem dynamics. By integrating stochastic elements, ABM
simulations generate probabilistic outcomes that closely
resemble the variability observed in experimental data.
This stochastic modeling approach provides insights into
the probabilistic nature of immune responses and aids in
understanding the range of potential outcomes [16, 18].

Flexible integration of biological components

The immune system comprises a complex network of
interactions between immune cells, signaling molecules,
and other components. ABM offers a flexible frame-
work for integrating various biological components into
the model. This includes representing the interactions
between immune cells and cytokines, antibodies, che-
mokines, and other immune mediators. ABM can also
incorporate immunomodulatory factors, such as immune
checkpoints or regulatory T cells, allowing research-
ers to explore the effects of these factors on immune
responses. The ability to integrate diverse biological
components enhances the model’s comprehensiveness
and facilitates the investigation of complex regulatory
mechanisms [15].
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Exploration of intervention strategies

ABM can be instrumental in studying the effects of
interventions and therapeutic strategies on the immune
system. By incorporating immunotherapies, such as im-
mune checkpoint inhibitors or adoptive T-cell therapies,
into the model, ABM enables researchers to simulate the
impact of these interventions on immune responses. This
can aid in the design and optimization of therapeutic ap-
proaches, contributing to the development of personal-
ized medicine and precision immunotherapy [23].

By harnessing these advantages, ABM facilitates a
deeper understanding of immune responses, infection
dynamics and the development of immunotherapies,
contributing to advancements in the field of immunology.

Challenges of agent-based modelling in modeling
the immune system

While ABM offers significant advantages for modeling
the immune system, it also presents several challenges
that researchers must address to ensure the accuracy and
reliability of their simulations. The following section
discusses the key challenges associated with ABM in the
context of immune system modeling.

Parameterization and data availability

Developing an ABM for the immune system requires
accurate parameterization of the model. Gathering ex-
perimental data to determine appropriate parameter
values for the agents and their interactions can be chal-
lenging [23]. The availability of comprehensive and
quantitative data on immune cell behavior, signaling
pathways and immune responses is crucial for accurately
representing the dynamics of the immune system [16].
Bridging the gap between experimental data and model
parameters requires extensive research efforts and col-
laborations between experimentalists and computational
modelers [15].

Validation against experimental data

Validating ABM simulations against experimental data
is a critical step in ensuring the reliability and accuracy
of the model. However, validating complex and dynam-
ic biological processes, such as immune responses, can
be challenging [16]. Experimental measurements often
provide aggregate or incomplete information, making
direct comparisons with ABM outputs difficult. Further-
more, the high dimensionality and stochastic nature of
immune system dynamics pose additional challenges
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for validation. Developing robust validation frameworks
and methodologies that capture the complexity and vari-
ability of immune responses is an ongoing research area
[20, 23].

Computational resource requirements

ABM simulations of the immune system can involve
large-scale and computationally demanding simula-
tions [24]. Modeling the interactions and behaviors of
numerous immune cells and their interactions with spa-
tial and molecular components can require substantial
computational resources [18, 25]. Running large-scale
simulations on high-performance computing clusters
or distributed computing platforms may be necessary to
handle the computational load. However, access to these
resources may not be readily available, limiting the scal-
ability and scope of ABM studies [18].

Complexity and model complexity management

The immune system is a highly complex biological
system with intricate interactions and regulatory mecha-
nisms. Developing a comprehensive ABM that captures
this complexity can be challenging [21]. Determining
which components and interactions to include in the
model and identifying the appropriate level of abstrac-
tion are critical decisions that impact the model’s ac-
curacy and computational feasibility. Balancing model
complexity and computational tractability is an ongoing
challenge in ABM for the immune system [21, 26].

Addressing these challenges requires interdisciplinary
collaborations between immunologists, computational
scientists, and mathematicians. These collaborations
can foster the exchange of expertise and knowledge,
enabling the refinement of ABM techniques, improving
the parameterization and validation of models and en-
hancing the integration of experimental data. Addition-
ally, advancements in data acquisition techniques, such
as high-throughput technologies, can aid in obtaining
quantitative data for parameterization and validation, ad-
dressing some of the challenges associated with ABM in
immune system modeling.

Despite these challenges, ABM remains a power-
ful and promising approach for modeling the immune
system. Overcoming these obstacles will contribute to
the development of more accurate and comprehensive
models, leading to a deeper understanding of immune
responses, disease dynamics and the design of effective
immunotherapies.
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Applications of agent-based modelling in model-
ing the immune system

ABM has been extensively used in various aspects of
immune system modeling, providing valuable insights
into immune cell dynamics, immune response to patho-
gens, immune cell migration and the development of im-
munotherapies. Here are some examples of studies that
have utilized ABM in the following areas.

Immune cell dynamics

ABM has been employed to simulate the behavior and
interactions of immune cells, providing insights into
their spatiotemporal dynamics. For example, a study
[18] used ABM to investigate the migration of immune
cells in lymphoid organs and the recruitment of immune
cells to inflamed tissues. These studies have shed light
on the mechanisms underlying cell movement, the role
of chemokines and adhesion molecules, and the spatial
distribution of immune cells within tissues.

Immune response to pathogens

ABM has been instrumental in simulating immune re-
sponses to various pathogens, including viruses, bacte-
ria, and parasites. A review article [16] discussed how
ABM can be used to investigate the dynamics of infec-
tion, the activation of immune cells and the subsequent
immune response. These simulations have provided in-
sights into the role of different immune cell subsets, the
importance of spatial organization in pathogen control,
and the impact of immune evasion strategies employed
by pathogens.

Immune cell migration and homing

ABM has enabled the simulation of immune cell mi-
gration and homing, providing a deeper understanding
of these processes. A study [15] used ABM to simulate
the movement of immune cells toward specific chemo-
kine gradients or extracellular matrix components. These
simulations have revealed the importance of chemokine
signaling, receptor-ligand interactions, and cell adhesion
molecules in immune cell migration and homing.

Immunotherapies and cancer immunology

ABM has found applications in the field of cancer im-
munology and the study of immunotherapies. A review
article [23] discussed how ABM can be used to inves-
tigate the dynamics of tumor growth, immune evasion
mechanisms and the efficacy of immunotherapeutic in-
terventions. These simulations have provided insights
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into the interplay between tumor cells and the immune
system, aiding in the development of personalized and
combination immunotherapies.

Immune system disorders

ABM has been applied to study immune system dis-
orders, including autoimmune diseases and hypersen-
sitivity reactions. A study [21] used ABM to simulate
the dysregulation of immune responses, exploring the
dynamics of these disorders and potential therapeutic
interventions. These simulations have provided insights
into the mechanisms underlying the development and
progression of autoimmune diseases, such as rheumatoid
arthritis and multiple sclerosis.

Host-pathogen interactions

ABM has been employed to model the interactions be-
tween host immune responses and pathogens, facilitat-
ing the study of host-pathogen dynamics. A study [20]
used ABM to simulate the outcomes of these interac-
tions, including pathogen clearance, chronic infections,
or the establishment of host tolerance. These simulations
have provided insights into the factors influencing host
susceptibility to infection, the impact of immune evasion
strategies employed by pathogens and the effectiveness
of therapeutic interventions.

Therefore, ABM has been successfully utilized in vari-
ous applications related to immune system modeling.
By capturing the complexity of immune cell behavior,
spatial dynamics, and interactions, ABM has contrib-
uted to our understanding of immune responses, infec-
tion dynamics, immunotherapies, and immune system
disorders. The versatility and flexibility of ABM make
it a valuable tool for studying the immune system and
exploring the effects of interventions, providing a plat-
form for the development of targeted and personalized
immunotherapeutic strategies.

Examples of ABM in scientific research

In this section, we review several new studies that uti-
lize ABM to address critical issues in these fields. By ex-
amining the methodologies and results of these studies,
we provide insights into the diverse applications of ABM
and its significance in advancing scientific understand-
ing and informing evidence-based decision-making.
Through these examples, we underscore the versatility
and effectiveness of ABM in modeling various immune
system phenomena, guiding policy interventions and fa-
cilitating interdisciplinary collaboration.
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Example 1: Covasim model

Kerr et al. [27] introduced Covasim, an agent-based
model specifically designed to simulate COVID-19
dynamics and evaluate the effectiveness of various in-
terventions. The model’s strength lies in its integration
of country-specific demographic data, realistic trans-
mission networks, age-specific disease outcomes, and
intrahost viral dynamics. This comprehensive approach
allows Covasim to accurately represent epidemic trends
and guide policy decisions.

One notable aspect of Covasim is its versatility in sup-
porting a wide range of interventions, including non-
pharmaceutical measures, such as physical distancing,
and pharmaceutical interventions like vaccination. By
implementing these interventions within the model, re-
searchers can simulate different scenarios and assess
their impact on disease transmission and healthcare re-
source utilization.

The results of Covasim simulations have been instru-
mental in informing evidence-based policy decisions
worldwide. Through collaborations with local health
agencies and policymakers, Covasim has provided valu-
able insights into epidemic dynamics and the effective-
ness of various intervention strategies. For example, by
simulating different vaccination rollout strategies, Cova-
sim has helped policymakers optimize vaccination cam-
paigns to achieve maximum population immunity.

Example 2: ABM in cancer research

In their paper, West et al. [28] discuss the pivotal role
of ABM in advancing integrative cancer research. ABM
involves developing mathematical models that track indi-
vidual agents, such as cancer cells, and their interactions
within complex biological systems. By representing the
intricate biological processes underlying cancer progres-
sion, therapeutic resistance, and metastasis, ABM offers a
powerful framework for collaborative scientific inquiry.

One key advantage of ABM is its ability to incorporate
diverse aspects of cancer biology, including cellular in-
teractions, signaling pathways and the tumor microenvi-
ronment. By calibrating these models using experimen-
tal data, researchers can generate testable hypotheses and
explore novel intervention strategies. For instance, ABM
simulations can predict how changes in tumor microen-
vironmental factors influence cancer cell behavior and
response to therapy, guiding the development of more
effective treatment approaches.
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The quantitative insights provided by ABM comple-
ment experimental research by facilitating parameter-
ization, extrapolation of data, and the design of targeted
experiments to validate model-generated predictions.
This synergistic approach enhances our understanding
of cancer biology across different scales and lays the
foundation for more personalized and effective cancer
therapies.

Example 3: Interferon beta (IFN) production dy-
namics

Gregg et al. [10] utilized ABM to investigate the dy-
namics of IFNP production in response to viral infection
within the cGAS pathway of the innate immune system.
By representing individual cells and their heterogeneous
and stochastic responses to DNA stimuli, their ABM
framework offers a nuanced perspective on immune sys-
tem dynamics.

Their simulations demonstrate that a heterogeneous cell
population exhibits improved IFNf production, leading
to better protection against cell death and reduced viral
load during infection. This highlights the significance of
cellular diversity in mounting effective immune respons-
es. Furthermore, their study identifies the optimal range
of cellular stochasticity required for optimal immune po-
tency and viral control, providing insights into the finely
tuned regulation of immune responses.

The observed stochasticity and heterogeneity in IFNB
signaling suggest an evolved mechanism aimed at bal-
ancing immune potency while mitigating potential
detrimental effects. By elucidating the roles of cellular
variability and stochasticity in immune modulation, their
findings contribute to a deeper understanding of immune
system dynamics and have implications for the develop-
ment of immunomodulatory therapies.

Example 4: ABM in tuberculosis research

Petrucciani et al. [29] introduced a novel application of
ABM to analyze various in vitro tuberculosis (TB) infec-
tion models. By explicitly representing individual cells,
including macrophages and Mycobacterium tuberculo-
sis (Mtb) bacteria and their interactions within the in vi-
tro system, their ABM framework captures the complex
dynamics and heterogeneity observed in TB infection.

Their simulations successfully recapitulate key dynam-
ics observed in multiple in vitro TB infection models,
including Mtb growth kinetics, cytokine production, and
interactions between cells and bacteria. Insights gleaned
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from the ABM shed light on specific factors influenc-
ing infection dynamics, such as the initial Mtb inocu-
lum and the presence of T cells. These detailed insights
complement experimental observations and guide future
research directions in TB pathogenesis and drug screen-
ing efforts.

Example 5: Immunity agent-based model

The immunity ABM (IABM), introduced by Gonzaga
et al. [30], offers a comprehensive approach to under-
standing disease dynamics by integrating immune sys-
tem dynamics, pathogen behavior and social interactions
within epidemiological systems. By simulating interac-
tions between the immune system, pathogens, and social
factors, the IABM provides insights into how different
variables impact disease transmission, progression, and
control strategies.

For example, simulations using the IABM elucidate
how variations in immune responses and viral load dy-
namics influence disease transmission rates, guiding the
development of public health strategies for controlling
infectious diseases. By incorporating the physiological
characteristics of individuals and complex immune re-
sponses, the IABM provides a platform for exploring
different scenarios and informing targeted interventions
to mitigate disease spread.

Future directions

ABM has already made significant contributions to our
understanding of the immune system. However, several
exciting directions and opportunities lie ahead that can
further enhance the application of ABM in immune sys-
tem modeling. The following section discusses some fu-
ture directions for ABM in this field.

Integration of multi-omics data

With the advancements in high-throughput technolo-
gies, the availability of multi-omics data, including ge-
nomics, transcriptomics, proteomics, and metabolomics,
has increased [14]. Integrating these multi-omics data
into ABM can provide a more comprehensive and accu-
rate representation of immune cell behavior and immune
system dynamics. By incorporating this wealth of data,
ABM can capture the intricate regulatory networks and
molecular interactions within the immune system, facili-
tating the exploration of personalized immune responses
and the identification of novel therapeutic targets.
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Incorporation of single-cell data

Single-cell technologies have revolutionized our un-
derstanding of immune cell heterogeneity and functional
diversity [23]. Integrating single-cell data, such as sin-
gle-cell ribonucleic acid sequencing, into ABM can en-
able the modeling of individual immune cells with great-
er resolution and accuracy. This integration can capture
the phenotypic and functional variations within immune
cell populations and their impact on immune responses.
ABM can also simulate the transitions between different
cellular states, such as differentiation and activation, and
explore the dynamics of cell fate decisions.

Integration with machine learning and artificial
intelligence

ABM can benefit from the integration of machine
learning and artificial intelligence techniques [31]. Ma-
chine learning algorithms can assist in parameter esti-
mation, model calibration and validation, enabling more
efficient and accurate model development. Additionally,
machine learning algorithms can be used to extract pat-
terns and insights from large-scale ABM simulations and
experimental datasets, aiding in the identification of key
regulatory mechanisms and the prediction of immune
system behavior under different conditions.

Integration of multi-scale modeling approaches

The immune system operates at multiple scales, from
molecular interactions to cellular behavior and tissue-
level dynamics [23]. Integrating ABM with other mod-
eling approaches, such as differential equation-based
models or agent-based continuum models, can facili-
tate multi-scale modeling of immune system processes.
These integrated models can capture both the microscale
and macroscale aspects of immune responses, providing
a more comprehensive understanding of immune system
dynamics.

Visualization and user-friendly interfaces

Developing user-friendly interfaces and visualization
tools for ABM can enhance the accessibility and usabil-
ity of immune system models [23]. Interactive visualiza-
tions can aid researchers in exploring and interpreting
model outputs, facilitating hypothesis generation and
experimental design. Furthermore, user-friendly inter-
faces can encourage collaborations between immunolo-
gists and computational scientists, fostering knowledge
exchange and advancing the field [16].
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Experimental validation and model-driven

experiments

The integration of ABM with experimental validation is
crucial for the advancement of the field [4]. Experimental
data can be used to refine and validate ABM simulations,
ensuring their accuracy and reliability. Additionally,
ABM can guide the design of experiments by suggesting
key parameters and conditions to test in the laboratory.
Model-driven experiments can provide insights into the
mechanisms underlying immune system dynamics and
generate new hypotheses for further investigation.

The future of ABM in immune system modeling holds
tremendous potential. Integrating multi-omics data, sin-
gle-cell data, and machine learning techniques, as well
as exploring multi-scale modeling approaches, can fur-
ther enhance the accuracy and predictive power of ABM
simulations. Additionally, user-friendly interfaces, visual-
ization tools and collaborations between experimentalists
and computational modelers can accelerate the translation
of ABM findings into experimental validation and contrib-
ute to a deeper understanding of immune system dynamics
and the development of novel immunotherapies [32].

Conclusion

ABM offers a powerful and flexible approach for model-
ing the complex behavior and dynamics of the immune
system. It provides a valuable tool for studying immune
cell interactions, immune responses to pathogens, immune
cell migration and the development of immunotherapies.
ABM captures the heterogeneity of immune cells, incor-
porates spatial effects and integrates stochasticity, enhanc-
ing the realism and accuracy of the models. Furthermore,
ABM allows for the exploration of intervention strategies
and the investigation of immune system disorders.

While ABM has already made significant contributions
to immune system modeling, some challenges need to
be addressed, such as parameterization, validation and
computational resource requirements. Collaborations
between immunologists, computational scientists, and
mathematicians are essential to overcome these chal-
lenges and refine ABM techniques.

Future directions for ABM in immune system model-
ing include the integration of multi-omics and single-cell
data, the incorporation of machine learning and artificial
intelligence, the integration of multi-scale modeling ap-
proaches, the development of user-friendly interfaces
and visualization tools, and the close collaboration be-
tween computational modelers and experimentalists.
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Overall, ABM holds great promise in advancing our
understanding of immune system dynamics, infection
dynamics, and the development of immunotherapies. By
harnessing the advantages of ABM and addressing the
associated challenges, we can unlock new insights into
the complex workings of the immune system and pave
the way for improved diagnostics, treatments and per-
sonalized medicine in the field of immunology.
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