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Review Paper
In Silico Neuroimmunology: Decoding the Systems Log-
ic of Neuroinflammation in Neurodegenerative Disease

Background: The human central nervous system (CNS) operates through a complex, non-linear 
dialogue with the innate immune system. This review delineates the emerging field of in silico 
neuroimmunology, which employs mathematical abstraction to resolve the “complexity crisis” and 
the “stiff timescale problem” inherent in neurodegenerative pathologies.

Materials and Methods: This expert narrative review utilizes a framework-driven methodology to 
synthesize diverse computational formalisms. Models were selected based on their mechanistic depth 
and relevance to diseases such as Alzheimer’s, Parkinson’s, and Multiple Sclerosis.

Results: By synthesizing frameworks ranging from ordinary differential equations (ODEs) to agent-
based models (ABMs), we demonstrate how the transition to chronic neurotoxicity is a systems-level 
bifurcation. We highlight the role of hysteresis in creating self-sustaining inflammatory states and the 
necessity of modeling microglial plasticity as a continuous epigenetic landscape. We further address 
the "stiffness" of neuroimmune networks, which requires specialized solvers to bridge the 12-order-
of-magnitude temporal gap between molecular events and clinical decline.

Conclusion: In silico neuroimmunology is no longer merely descriptive but offers the quantitative 
logic to design precision therapies. The advent of neurological digital twins and physics-informed 
neural networks (PINNs) marks a transition toward engineering control, allowing for the simulation of 
personalized therapeutic interventions and the optimization of immunomodulatory strategies.
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Introduction

he human central nervous system (CNS) 
operates through a complex, non-linear 
dialogue with the innate immune system 
[1]. Although once viewed as an “immune-
privileged” organ, the CNS is now under-

stood to be serviced by a dynamic innate immune system 
orchestrated primarily by resident glial cells [2-4]. This 
paradigm shift has given rise to the field of systems neu-
roimmunology [5], in which neuroinflammation is rec-
ognized as a critical, non-linear process governing the 
balance between CNS health and neurodegeneration [6].

The complexity of the neuroimmune network—aris-
ing from feedback loops, redundancy, and multiscale 
interactions—demands quantitative approaches [7-9]. In 
response, the emerging discipline of in silico neuroim-
munology employs mathematical abstraction to resolve 
the complexity crisis inherent in neurodegenerative pa-
thologies [5].

While several recent reviews have cataloged general 
biological markers of neuroinflammation or summa-
rized specific computational models in isolation, there 
remains a critical gap in bridging multiple mathematical 
scales and frameworks. This integrative review aimed to 
systematically synthesize the diverse computational and 
mathematical formalisms used to decode the systems 
logic of neuroinflammation. We specifically focus on 
how mathematical abstractions—ranging from continu-
ous differential equations to discrete agent-based mod-
els (ABMs) and network graph theory—can address the 
“stiff timescale problem” [9] and the “bifurcation” from 
protective homeostasis to chronic, self-perpetuating neu-
rotoxicity [10, 11].

By analyzing the underlying dynamic principles (such 
as bistability, hysteresis, and multiscale connectivity), we 
provide a framework for translating these models into pre-
dictive, control-oriented clinical strategies [12-14].

The clinical need: The duality of acute vs chronic 
inflammation

The most critical clinical feature of neuroinflammation 
is its inherent duality. It functions as a “double-edged 
sword,” capable of both profound neuroprotection and 
catastrophic neurotoxicity depending on the context, du-
ration, and intensity of the response [15, 16].

The protective physiological response

In its acute, physiological form, neuroinflammation is 
an adaptive, homeostatic mechanism. When the brain 
encounters “danger signals”—such as pathogen-asso-
ciated molecular patterns from infection or damage-
associated molecular patterns (DAMPs) from trauma—
microglia undergo a rapid phenotypic shift [17]. As 
described by Vaughan et al. (2018), this acute response 
serves three essential functions: The containment of in-
fection, the phagocytic clearance of cellular debris and 
toxic protein aggregates (such as amyloid-beta), and the 
initiation of tissue repair through the release of neuro-
trophic factors [18].

Under healthy conditions, this inflammatory burst is 
transient and self-limiting; once the threat is neutralized, 
powerful resolution mechanisms (e.g. interleukin [IL]-
10 and tumor necrosis factor [TNF]-β signaling) dampen 
the response, returning the system to homeostasis [19].

The destructive pathological transformation

However, in the context of neurodegenerative disorders 
such as Alzheimer’s disease (AD), Parkinson’s disease 
(PD), and multiple sclerosis (MS), this regulatory logic 
fails. The system transitions into a state of chronic, dys-
regulated inflammation [20, 12]. Instead of resolving, 
glial activation becomes sustained and self-perpetuating.

As detailed in recent reviews, this chronic state is 
characterized by the continuous release of neurotoxic 
mediators—including TNF-α, IL-1β, and reactive oxy-
gen species (ROS)—which cause collateral damage to 
healthy neurons [21, 22]. This neuronal damage releases 
additional DAMPs, which, in turn, re-activate microglia, 
creating a "vicious cycle" of inflammation and degenera-
tion that drives disease progression over decades [23].

Distinguishing between the protective (acute) and the 
destructive (chronic) phases is the central clinical chal-
lenge, as therapies that broadly suppress inflammation 
may inadvertently hinder beneficial repair processes if 
administered at the wrong time [24].

The systems-level failure: Defining the “bifurca-
tion”

From the perspective of dynamical systems theory, 
the transition from health to disease can be rigorously 
conceptualized as a bifurcation [10]. A bifurcation oc-
curs when a small change in the parameters of a system 
(such as the gradual accumulation of amyloid plaque or 
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oxidative stress) causes a sudden qualitative change in 
its long-term behavior [11].

In systems neuroimmunology, the transition from 
acute, protective neuroinflammation to a chronic, self-
perpetuating state can be understood through this same 
dynamical systems framework. The nervous system 
maintains homeostasis by balancing pro-inflammatory 
and anti-inflammatory signals. However, when an exter-
nal pathological stimulus—such as DAMPs or protein 
aggregates—exceeds a critical threshold, the system un-
dergoes a bifurcation, transitioning from a low-inflam-
mation state to a high-inflammation state.

To formalize this behavior, we can represent the in-
flammatory state variable (which can denote the concen-
tration of pro-inflammatory cytokines or the activation 
level of microglia) using the following canonical ordi-
nary differential equation (ODE) (Equation 1):

1. 

However, in the context of neurodegenerative disorders such as Alzheimer's disease (AD), 
Parkinson's disease (PD), and Multiple Sclerosis (MS), this regulatory logic fails. The system 
transitions into a state of chronic, dysregulated inflammation [20, 12]. Instead of resolving, glial 
activation becomes sustained and self-perpetuating. 

As detailed in recent reviews, this chronic state is characterized by the continuous release of 
neurotoxic mediators—including TNF-𝛼𝛼, IL-1𝛽𝛽, and reactive oxygen species (ROS)—which 
cause collateral damage to healthy neurons [21, 22]. This neuronal damage releases additional 
DAMPs, which, in turn, re-activate microglia, creating a "vicious cycle" of inflammation and 
degeneration that drives disease progression over decades [23]. 
Distinguishing between the protective (acute) and the destructive (chronic) phases is the central 
clinical challenge, as therapies that broadly suppress inflammation may inadvertently hinder 
beneficial repair processes if administered at the wrong time [24]. 
The Systems-Level Failure: Defining the "Bifurcation" 
From the perspective of dynamical systems theory, the transition from health to disease can be 
rigorously conceptualized as a bifurcation [10]. A bifurcation occurs when a small change in the 
parameters of a system (such as the gradual accumulation of amyloid plaque or oxidative stress) 
causes a sudden qualitative change in its long-term behavior [11]. 
 
In systems neuroimmunology, the transition from acute, protective neuroinflammation to a 
chronic, self-perpetuating state can be understood through this same dynamical systems 
framework. The nervous system maintains homeostasis by balancing pro-inflammatory and anti-
inflammatory signals. However, when an external pathological stimulus—such as DAMPs or 
protein aggregates—exceeds a critical threshold, the system undergoes a bifurcation, transitioning 
from a low-inflammation state to a high-inflammation state. 
To formalize this behavior, we can represent the inflammatory state variable 𝑥𝑥 (which can denote 
the concentration of pro-inflammatory cytokines or the activation level of microglia) using the 
following canonical ordinary differential equation (ODE): 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑 = 𝑆𝑆 + 𝑥𝑥𝑛𝑛

𝐾𝐾𝑛𝑛 + 𝑥𝑥𝑛𝑛 − γ𝑥𝑥
Here, the dynamic components are defined as follows: 

• 𝑺𝑺 represents the baseline external pathological stimulus driving the system away from 
homeostasis. 

• The Hill function 𝑥𝑥𝑛𝑛

𝐾𝐾𝑛𝑛+𝑥𝑥𝑛𝑛 models the non-linear auto-amplification, or positive feedback, of 
the inflammatory response. Here, 𝑛𝑛 is the Hill coefficient (where 𝑛𝑛 >  1 introduces switch-
like, sigmoidal behavior), and 𝐾𝐾 is the activation threshold constant. 

• The term γ𝑥𝑥 represents the linear clearance rate of the inflammatory mediators by the 
surrounding tissue or homeostatic pathways. 

As illustrated in the system's phase plane and bifurcation diagrams, when the stimulus 𝑆𝑆 exceeds 
a critical threshold, the stable homeostatic equilibrium disappears, and the system is drawn toward 
the high-activity, pathological steady state.  
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 models the non-linear auto-
amplification, or positive feedback, of the inflammatory 
response. Here, n is the Hill coefficient (where n>1 in-
troduces switch-like, sigmoidal behavior), and K is the 
activation threshold constant. 3) The term represents the 
linear clearance rate of the inflammatory mediators by 
the surrounding tissue or homeostatic pathways.

As illustrated in the system’s phase plane and bifur-
cation diagrams, when the stimulus exceeds a critical 
threshold, the stable homeostatic equilibrium disappears, 
and the system is drawn toward the high-activity, patho-
logical steady state. 

The concept of bistability

Building on this mathematical formulation, models 
reveal that the neuroimmune system often exhibits bi-
stability, meaning it possesses two distinct stable equi-
librium states:

1) The healthy state (basin of attraction A): Character-
ized by low cytokine levels and ramified, surveillance-
mode microglia. Perturbations (such as a minor injury) are 
quickly dampened, and the system returns to its baseline.

 2) The chronic disease state (basin of attraction B): 
Characterized by high, sustained cytokine levels and 
amoeboid, phagocytic microglia. Once the system enters 
this state, it is “locked in” by self-reinforcing feedback 
loops [25].

Tipping points and hysteresis

The shift between these states is not linear. As high-
lighted by Jenner et al. (2025) in the context of MS, the 
system possesses a “tipping point” or separatrix [26]. 
Once the inflammatory stimulus exceeds this critical 
threshold, the system crosses the bifurcation point and 
collapses into the chronic disease state.

Crucially, this transition often exhibits hysteresis, a 
phenomenon where the system’s state depends on its 
history. Consequently, simply removing the initial trig-
ger (e.g. clearing the infection or reducing amyloid load) 
may be insufficient to restore homeostasis; the system 
remains trapped in the high-inflammation state due to 
the established internal feedback dynamics [27]. This 
mathematical concept explains the clinical observation 
that neurodegeneration often continues even after the 
primary insult has been addressed.

The multiscale challenge: The “stiff timescale 
problem”

A major impediment to understanding and treating 
neuroinflammation is the “stiff timescale problem.” This 
term, borrowed from computational physics, refers to 
systems that operate simultaneously on vastly different 
temporal horizons, making them notoriously difficult to 
simulate and understand.

Bridging microseconds to decades

The biology of neuroinflammation spans a temporal 
magnitude of over 12 orders of magnitude (from 10-3 to 
109 seconds):

1) Molecular Scale (10-3 to 100 seconds): Receptor-li-
gand binding events (e.g. LPS binding to Toll like recep-
tor 4 [TLR4], with association rates typically 106 to 107 
M-1 s-1) and ion channel gating occur in milliseconds to 
seconds [28]. 

2) Cellular scale (101 to 104 seconds): Signal transduc-
tion cascades (e.g. NF-κB nuclear translocation occur-
ring within minutes) and subsequent gene expression, 
protein synthesis, and cytoskeletal rearrangement for 
microglial migration occur over minutes to hours [29].
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3) Tissue/organ scale (105 to 106 seconds): The forma-
tion of glial scars, the infiltration of peripheral T-cells 
across the compromised blood-brain barrier (BBB), and 
the resolution of edema occur over days to weeks [30]. 

4) Disease Scale (107 to109 seconds): The gradual ac-
cumulation of misfolded proteins (e.g. amyloid-β (Aβ) 
aggregation kinetics), progressive synaptic loss, and 
clinical cognitive decline in AD or PD unfold over years 
to decades [31].

In computational physics, "stiffness" is defined by the 
stiffness ratio S, which is the ratio of the largest to the small-
est eigenvalue magnitude of the Jacobian (Equation 2):

2. 

In computational physics, "stiffness" is defined by the Stiffness Ratio 𝑆𝑆, which is the ratio of the largest to 
the smallest eigenvalue magnitude of the Jacobian: 𝑆𝑆 = max|Re(λ)|

min|Re(λ)|. In neuroimmune networks, 𝑆𝑆 routinely 
exceeds 109. Simulating such systems requires explicit solvers to take time steps smaller than the fastest 
dynamics (Δ𝑡𝑡 ≪ 10−3 s) to maintain stability, making it computationally prohibitive to simulate the slow 
dynamics (108 s). To simulate such systems without numerical instability, specialized implicit numerical 
solvers or timescale separation methods are required. While the Quasi-Steady-State Approximation is often 
used to eliminate fast variables by assuming they rapidly reach equilibrium, this approximation can break 
down in multistable systems, particularly near bifurcation points where timescale separation is not uniform. 
Fast variables can influence the system’s trajectory toward different attractors. Therefore, modern in silico 
neuroimmunology requires implicit stiff solvers (e.g., backward differentiation formulas) or multiscale 
hybrid algorithms (e.g., the "slow-scale SSA") that partition the system into fast and slow subsets without 
destroying the dynamic feedback loops essential for bifurcation. 
 
The Role of In Silico Modeling: From Description to Control 
In response to the "complexity crisis" and the multiscale challenges described above, the field of 
in silico neuroimmunology has emerged as an indispensable pillar of modern neuroscience. As 
defined by Vodovotz et al. (2008), this discipline employs mathematical modeling and 
computational simulation to reconstruct the complex landscape of inflammation [5]. 
Beyond Description: 

While early models served primarily to describe observed phenomena, modern computational 
frameworks serve three transformative functions: 

1. Formalization: They force researchers to explicitly define their hypotheses. By 
converting a biological diagram into a set of differential equations, vague assumptions are 
replaced by precise mathematical relationships [12]. 

2. Prediction: They allow for the simulation of "What if?" scenarios. For example, models 
can predict the "window of opportunity" for a therapeutic intervention—identifying the 
precise timeframe in which blocking TNF-𝛼𝛼 is neuroprotective versus when it might inhibit 
necessary repair [13]. 

3. Control: Ultimately, the goal is to apply engineering control theory to the brain. By 
understanding the topology of the cytokine network, models can identify the specific 
"control nodes" (parameters) that, if perturbed, will force the system out of the chronic 
disease basin and back toward the healthy attractor [14]. 

Through the integration of ODEs for temporal dynamics, Partial Differential Equations (PDEs) for 
spatial propagation, and Agent-Based Models (ABMs) for emergent behavior, in silico 
neuroimmunology provides the quantitative logic necessary to decipher the immune system of the 
brain. 
 
 
Scope and Methodology 
This review is structured as an expert narrative review aimed at conceptual synthesis rather than 
an exhaustive systematic mapping of the literature. Given the vast and interdisciplinary nature of 
in silico neuroimmunology, a purely systematic approach focused on keyword prevalence would 
likely obscure the conceptual bridges between biology and mathematics that underpin this work. 
Instead, we employ a targeted, framework-driven methodology. 

In neuroimmune networks, S routinely exceeds 109. 
Simulating such systems requires explicit solvers to take 
time steps smaller than the fastest dynamics (Δt 10-3 s) to 
maintain stability, making it computationally prohibitive 
to simulate the slow dynamics (108 s). To simulate such 
systems without numerical instability, specialized im-
plicit numerical solvers or timescale separation methods 
are required. While the quasi-steady-state approximation 
is often used to eliminate fast variables by assuming they 
rapidly reach equilibrium, this approximation can break 
down in multistable systems, particularly near bifurca-
tion points where timescale separation is not uniform. 
Fast variables can influence the system’s trajectory to-
ward different attractors. Therefore, modern in silico 
neuroimmunology requires implicit stiff solvers (e.g. 
backward differentiation formulas) or multiscale hybrid 
algorithms (e.g. the "slow-scale SSA") that partition the 
system into fast and slow subsets without destroying the 
dynamic feedback loops essential for bifurcation.

The role of in silico modeling: From description 
to control

In response to the “complexity crisis” and the multi-
scale challenges described above, the field of in silico 
neuroimmunology has emerged as an indispensable pil-
lar of modern neuroscience. As defined by Vodovotz et 
al. (2008), this discipline employs mathematical mod-
eling and computational simulation to reconstruct the 
complex landscape of inflammation [5].

Beyond description:

While early models served primarily to describe ob-
served phenomena, modern computational frameworks 
serve three transformative functions:

1) Formalization: They force researchers to explicitly 
define their hypotheses. By converting a biological dia-
gram into a set of differential equations, vague assump-
tions are replaced by precise mathematical relationships 
[12].

2) Prediction: They allow for the simulation of “What 
if?” scenarios. For example, models can predict the 
“window of opportunity” for a therapeutic interven-
tion—identifying the precise timeframe in which block-
ing TNF-α is neuroprotective versus when it might in-
hibit necessary repair [13].

3) Control: Ultimately, the goal is to apply engineering 
control theory to the brain. By understanding the topol-
ogy of the cytokine network, models can identify the 
specific “control nodes” (parameters) that, if perturbed, 
will force the system out of the chronic disease basin and 
back toward the healthy attractor [14].

Through the integration of ODEs for temporal dy-
namics, Partial differential equations (PDEs) for spatial 
propagation, and ABMs for emergent behavior, in silico 
neuroimmunology provides the quantitative logic neces-
sary to decipher the immune system of the brain.

Scope and methodology

This review is structured as an expert narrative review 
aimed at conceptual synthesis rather than an exhaustive 
systematic mapping of the literature. Given the vast and 
interdisciplinary nature of in silico neuroimmunology, a 
purely systematic approach focused on keyword preva-
lence would likely obscure the conceptual bridges be-
tween biology and mathematics that underpin this work. 
Instead, we employ a targeted, framework-driven meth-
odology.

The following criteria guided the selection of lit-
erature and computational models:

1) Conceptual illustrativeness: Priority was given to 
seminal and paradigm-shifting models that most clearly 
demonstrate a specific mathematical principle (e.g. bista-
bility, hysteresis, Turing patterns, or prion-like network 
diffusion) in the context of neuroimmune dynamics.

2) Mechanistic depth: Models were selected based on 
their ability to mechanistically link biological variables 
(e.g. cytokines, microglia, Aβ) to dynamical systems 
behaviors, rather than purely statistical or correlative 
“black-box” predictions.
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3) Disease relevance: The review focuses on neurode-
generative and acute neurological conditions in which 
multiscale computational modeling has provided critical 
insights into clinical phenomena, such as the irreversibil-
ity of chronic inflammation and the spatial patterning of 
lesions.

By synthesizing these selected paradigms, we aim to 
construct a coherent “systems logic” framework that 
identifies the quantitative principles governing the tran-
sition from physiological homeostasis to pathological 
neurodegeneration.

Biological foundations for mathematical 
abstraction

To construct effective mathematical models, the im-
mense biological complexity of the CNS must be ab-
stracted into quantifiable variables and logical rules. 
This process of abstraction requires a rigorous definition 
of the system’s boundaries, its constituent actors, and the 
topology of their communication networks. As detailed 
in the review by Foster-Powell & Krishnan (2024), the 
foundational unit for this abstraction is the neurovascular 
unit (NVU), which serves as the interface between the 
immune, nervous, and vascular systems [9, 32].

NVU as a system

In computational terms, the NVU is rarely modeled as 
a monolithic entity. Instead, it is treated as a multi-com-
partmental system, defined by distinct spatial domains 
and flux rates. 

According to the structural definitions provided in re-
cent reviews, the NVU is mathematically compartmen-

talized into three primary domains [33], which are visu-
ally contrasted in Figure 1:

1) The vascular compartment (V): This represents the 
capillary lumen, acting as the source for peripheral im-
mune infiltration. It acts as a reservoir for leukocytes (T-
cells, monocytes) and serum proteins, which are "exog-
enous" variables that enter the system only when barrier 
integrity is compromised [34]. 

2) The blood-brain barrier (BBB) interface (B): The 
BBB is not merely a static wall but a dynamic control 
parameter. Biologically composed of endothelial cells, 
pericytes, and astrocytic end-feet, mathematically it is 
represented as a variable permeability coefficient (PBBB). 
In healthy states, PBBB≈0 for cells, during inflammation, 
it functions as a non-linear gate modulated by local cyto-
kine concentrations, permitting flux [35]. 

3) The parenchymal compartment (P): The spatial do-
main containing the neural circuitry. This is the primary 
"reaction volume" for neuroinflammation models, hous-
ing resident glial populations (microglia and astrocytes) 
and neurons [36].

The abstraction of this anatomical structure into a com-
partmental mathematical model is depicted in Figure 1. 
The right panel illustrates the ODE framework, where 
the compartments (V, B, P) interact via flux rates (kin, 
kout) of immune mediators, governed by the barrier per-
meability κ.

Left panel (biological architecture): A schematic rep-
resentation of the physiological NVU, illustrating the 
physical interaction between the capillary endothelium, 

Figure 1. From anatomy to abstraction: Modeling the neurovascular unit
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pericytes, astrocytic end-feet, and surveillance microglia 
within the neural parenchyma. 

Right panel (mathematical abstraction): The corre-
sponding compartmental model used in ODE frame-
works. The system is defined by three distinct compart-
ments: the Vascular space (V), the Blood-Brain Barrier 
interface (B), and the Parenchymal volume (P). Arrows 
represent the flux rates (kin, kout) of immune mediators, 
where the barrier permeability (PBBB) functions as a vari-
able gate modulated by local cytokine concentrations.

As noted in the comprehensive analysis by Lecrux & 
Hamel (2011), the coordinated activity of all cells within 
this unit is essential for regulating the inflammatory envi-
ronment [36]. The breakdown of the NVU—specifically 
the decoupling of neurovascular coupling—is a critical 
“system failure” mode in diseases like Alzheimer’s and 
Ischemic Stroke [37]. Similarly, emerging evidence un-
derscores the critical role of these neuroimmune inter-
actions in the pathophysiology of Huntington’s disease 
[38].

Cellular players in the network

The accuracy of any in silico model depends on the 
definition of its state variables. While early models treat-
ed glial cells as simple binary switches, modern systems 
biology demands a more nuanced representation of cel-
lular plasticity and crosstalk.

Microglial plasticity: Beyond the M1/M2 
dichotomy

Microglia, the resident macrophages of the CNS, are 
the primary state variable in neuroinflammation mod-

els [39]. Historically, mathematical models categorized 
microglial activation into two distinct, opposing pheno-
types, mirroring the peripheral macrophage classifica-
tion:

1) M1 (classical activation): A pro-inflammatory, cy-
totoxic state induced by stimuli, such as lipopolysaccha-
ride (LPS) or interferon-gamma. It is characterized by 
the secretion of TNF-α and ROS [40]. 

2) M2 (alternative activation): An anti-inflammatory, 
reparative state associated with tissue repair and the se-
cretion of IL-10 and brainderived neurotrophic factor 
(BDNF) [41].

However, recent single-cell RNA sequencing (scRNA-
seq) studies cited by Weathered et al. (2024) have re-
vealed that this binary paradigm is an oversimplification 
[23, 42]. Microglia in vivo exist in a continuous multidi-
mensional spectrum of activation [43].

Mathematical implication: Modern models, such as 
ABMs and advanced ODE systems, now represent mi-
croglial polarization not as a switch (0→1) but as a con-
tinuous variable or probability distribution. This allows 
for the simulation of "hybrid" phenotypes (e.g. M2b, 
M2c) and specific disease-associated states like the 
"disease-associated microglia" (DAM) observed in Al-
zheimer's, which simultaneously express specific mark-
ers, such as triggering receptor expressed on myeloid 
cells 2 (TREM2), while downregulating homeostatic 
genes [44-46]. Figure 2 contrasts the historical binary 
classification with the modern 'epigenetic landscape' 
view, where microglia occupy a continuous spectrum of 
functional states.

Figure 2. The shift from binary switches to epigenetic landscapes
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A) The classical dichotomy: The historical view of 
microglial activation as a simple binary switch between 
the neurotoxic “M1” phenotype and the neuroprotective 
“M2” phenotype. 

B) The plasticity landscape: The modern systems biol-
ogy perspective, visualized as a Waddington epigenetic 
landscape. Microglia (represented as a ball) traverse a 
continuous 3D terrain of gene expression. 

“Valleys” represent stable attractors, such as the Ho-
meostatic state, the DAM state, and the Primed state. 
The height of the “hills” represents the activation energy 
required to switch phenotypes, illustrating that interme-
diate or hybrid states are possible and that phenotypic 
transitions are continuous rather than discrete. 

Despite these advances, a critical gap remains between 
high-dimensional experimental data and their incorpo-
ration into dynamical models. While scRNA-seq and 
single-nucleus RNA sequencing (snRNA-seq) have 
revolutionized our understanding of microglial heteroge-
neity—revealing a continuum of activation states rather 
than a strict M1/M2 dichotomy [47, 48]—translating 
these high-dimensional, yet inherently static, transcrip-
tomic snapshots into continuous dynamical models re-
mains a significant challenge [49].

In particular, scRNA-seq data are obtained from dis-
sociated cells and therefore lack temporal resolution, ob-
scuring the kinetics of activation and the rates of transi-
tions between microglial states. Although computational 
approaches, such as pseudotime analysis, can infer rela-
tive progression, they do not provide the absolute kinetic 

parameters required to parameterize dynamical systems 
models [49]. Moreover, transcriptomic profiles do not 
always correlate directly with functional phenotypes 
or protein-level activity, and single-nucleus approaches 
may fail to capture key activation markers [50].

An additional limitation lies in the loss of spatial con-
text. Neuroinflammatory processes are inherently spa-
tial—shaped by gradients of signaling molecules and 
localized cell–cell interactions—yet scRNA-seq dis-
rupts this organization through tissue dissociation. While 
emerging spatial transcriptomics techniques partially ad-
dress this issue, they currently involve trade-offs in gene 
coverage and sensitivity, creating a fundamental data 
bottleneck for model construction.

From a modeling perspective, treating experimentally 
identified microglial clusters as discrete, fixed states 
risks neglecting the continuous transitions and plastic-
ity that define microglial dynamics. Consequently, pa-
rameterizing differential equation models directly from 
such data introduces substantial uncertainty, particularly 
when the timescales of gene expression changes do not 
align with physiological processes such as cytokine se-
cretion or clearance [49].

Addressing these limitations will require next-gener-
ation modeling frameworks that integrate multi-omic 
data with time-resolved functional assays and explicitly 
account for parameter uncertainty, thereby bridging the 
gap between static transcriptomic measurements and 
continuous dynamical representations of neuroinflam-
mation. Table 1 summarizes the shift from binary clas-
sification to continuous spectrum modeling.

Table 1. The evolving definition of microglial states in computational models

Phenotype 
Classification Biological Function Key Molecular 

Markers
Mathematical Representa-

tion (Old)
Mathematical Representation 

(New)

M1 (classical) Pro-inflammatory; pathogen de-
fense; neurotoxicity via ROS/TNF-α.

CD86, iNOS, TNF-α, 
IL-1 Binary variable (or)

High value in a continu-
ous probability distribution 

(Pact>0.8)

M2 (alternative) Anti-inflammatory; tissue repair; 
phagocytosis; neurotrophic support

CD206, Arginase-1, 
IL-10, BDNF Binary variable (or)

Low value in a continuous 
probability distribution; often 

split into sub-states (M2a, M2b, 
M2c)

DAM
Response to neurodegeneration; 

barriers around plaques; “sensing” 
mode

TREM2, APOE, 
Clec7a Not represented

Distinct state vector or agent 
rule-set triggered by specific 

DAMP thresholds.

Primed/Dark
Hypersensitive state; exaggerated 
response to secondary insults (e.g. 

aging/stress)

MHC-II (high), 
P2RY12 (low) Not represented

“Hysteresis” state: Lower 
activation threshold (K0.5) with 

standard decay rates.

Abbreviations: TREM2: Triggering receptor expressed on myeloid cells 2; DAMPs: Damage-associated molecular patterns; 
IL: Interleukin; TGF: Transforming growth factor; iNOS: Inducible nitric oxide synthase; BDNF: Brainderived neurotrophic 
factor; APOE: Apolipoprotein E; MHC-II: Major histocompatibility complex class II; ROS: Reactive oxygen species; P2RY12: 
Purinergic receptor P2Y12.
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The astrocyte-microglia crosstalk 

Astrocytes are not passive bystanders but active regula-
tors of the inflammatory response. Farina et al. (2023) 
emphasize that effective models must capture the bidi-
rectional communication between these glial types [51, 
52].

1) Forward signaling (microglia astrocyte): Activated 
microglia release factors, such as C1q and TNF-α, which 
induce a reactive “A1” phenotype in astrocytes, strip-
ping them of their ability to support synapses [52]. 

2) Feedback signaling (astrocyte microglia): Converse-
ly, astrocytes release regulatory cytokines (TGF-β, IL-
10) that can dampen microglial activation, acting as a 
“buffer” to prevent runaway inflammation [53].

Neuronal feedback and DAMPs

Neurons are the ultimate “victim” in neurodegenera-
tive models, but they are also active participants. When 
stressed or injured, neurons release DAMPs—such as 
ATP or misfolded proteins (e.g. alpha-synuclein, Amy-
loid-) [54]. These pathways are central to the genetic risk 
and phenotypic progression observed in PD [55].

In mathematical terms, DAMPs function as the forc-
ing function or input signal that drives the system away 
from equilibrium [56]. The release of DAMPs creates a 
positive feedback loop: inflammation triggers neuronal 
death, which in turn releases more DAMPs, which fur-
ther inflames [57].

The cytokine network topology

Cytokines serve as the molecular “edges” connecting 
the cellular “nodes” in the neuroimmune graph. The to-
pology of this network—specifically the arrangement of 
positive and negative feedback loops—determines the 
system’s stability [58].

Key signaling hubs

1) TNF-α-(the accelerator): Identified via network 
analysis as a highly connected “hub,” TNF-α acts as 
an early responder. It induces its own expression (auto-
amplification) and triggers downstream cascades (IL-1, 
IL-6) [59]. 

2) IL-10 (the brake): A potent anti-inflammatory cy-
tokine that inhibits pro-inflammatory production. Cru-
cially, its expression is often delayed relative to TNF-α, 

creating a temporal window where inflammation can oc-
cur before resolution kicks in [60]. 

3) TGF-β (the stabilizer): Unlike IL-10, TGF-β is often 
constitutively expressed, providing a baseline inhibitory 
tone that prevents spontaneous microglial activation [6, 
61].

Feedback timing and adaptation

A critical insight derived from computational model-
ing, highlighted by Anderson et al. (2015), is that the 
timing of feedback is as important as its strength [62].

1) Adaptation: When exposed to a constant stimulus, 
the system does not maintain peak output; instead, it 
adapts (desensitizes) to a lower steady state to prevent 
tissue damage [63]. 

2) Mechanism: In silico knockout experiments re-
vealed that TGF-β provides early, rapid damping, while 
IL-10 handles late-phase resolution. Removing TGF-β in 
simulations eliminates adaptation (leading to a sustained 
cytokine storm), whereas removing IL-10 paradoxically 
enhances early adaptation due to compensatory dynam-
ics before failing to resolve the chronic phase [62].

This specific kinetic “fingerprint”—where rapid posi-
tive feedback is followed by delayed negative feed-
back—is the hallmark of an excitable system. This prop-
erty forms the basis for the mathematical frameworks 
discussed in the next section.

Mathematical frameworks: The theoretical core

The translation of neuroimmunological phenomena 
into computational models requires selecting an ap-
propriate mathematical formalism. This choice is not 
merely technical but philosophical, reflecting a hypoth-
esis about which biological scales—molecular, cellular, 
or tissue—are the primary drivers of the disease process 
[5]. The field relies heavily on two divergent yet comple-
mentary approaches: continuous equation-based model-
ing (ODEs and PDEs), which assumes large, smooth 
populations, and discrete ABMs, which focus on indi-
vidual stochastic behaviors. Table 2 presents a compara-
tive overview of these modeling approaches, highlight-
ing their respective strengths and limitations.

ODEs: Temporal dynamics and deterministic ki-
netics

ODEs represent the most established formalism in 
systems biology. They are employed when the primary 
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research question concerns the temporal evolution of a 
system—”When will the cytokine storm peak?” or “How 
fast will neurons degenerate?”—under the assumption 
that the biological compartment is “well-mixed” (spatial 
homogeneity) [28].

Theoretical basis: Mass action and saturation ki-
netics

The foundation of ODE modeling in neuroinflamma-
tion is the Law of Mass Action, which states that the rate 
of a reaction is proportional to the product of the reac-
tants’ concentrations. However, biological interactions 
rarely scale linearly indefinitely. Therefore, modern neu-
roimmune models typically incorporate saturation kinet-
ics (michaelis-menten or hill functions) to represent the 
limited availability of cellular receptors or enzymes [64]. 
These models are underpinned by the intricate intercel-
lular signaling loops that form the foundation of these 
ODE representations [38].

A generalized canonical equation for the activation of 
a resting glial population (GR) into a reactive phenotype 
(GA) by a pathological stimulus (P) often includes a Hill 
coefficient (n). A high Hill coefficient (n>2) creates a 
"switch-like" behavior, which is critical for bistability 
[65]. Such mathematical formulations must also accu-
rately describe the dynamic activation rates and meta-
bolic shifts of microglial cells [66].

Case study: The Puri and Li Alzheimer’s model

A seminal application of ODEs to neurodegeneration is 
the model developed by Puri and Li (2010), which math-
ematically formalizes the "Inflammation Hypothesis" of 
AD [67]. Parallel modeling frameworks are now being 
developed to better understand and parameterize dis-
ease-associated states in other neurodegenerative condi-
tions, such as PD [68]. This model distills the complex 
AD microenvironment into a system of seven coupled 
differential equations tracking neurons (Ns, Nd), astro-
cytes (Aq, Ap), microglia (M1, M2), and Aβ.

The model structure explicitly couples neuronal sur-
vival to the ratio of pro-inflammatory (M1) to anti-
inflammatory (M2) microglia. The governing equation 
for surviving neurons (Ns) illustrates this dependency 
(Equation 3):

3. 

limited availability of cellular receptors or enzymes [64]. These models are underpinned by the 
intricate intercellular signaling loops that form the foundation of these ODE representations [38]. 

A generalized canonical equation for the activation of a resting glial population (𝐺𝐺𝑅𝑅) into a reactive 
phenotype (𝐺𝐺𝐴𝐴) by a pathological stimulus (𝑃𝑃) often includes a Hill coefficient (𝑛𝑛). A high Hill 
coefficient (𝑛𝑛 >  2) creates a "switch-like" behavior, which is critical for bistability [65]. Such 
mathematical formulations must also accurately describe the dynamic activation rates and 
metabolic shifts of microglial cells [66]. 
 
Case Study: The Puri and Li Alzheimer's Model 
A seminal application of ODEs to neurodegeneration is the model developed by Puri and Li (2010), 
which mathematically formalizes the "Inflammation Hypothesis" of AD [67]. Parallel modeling 
frameworks are now being developed to better understand and parameterize disease-associated 
states in other neurodegenerative conditions, such as PD [68]. This model distills the complex AD 
microenvironment into a system of seven coupled differential equations tracking neurons (𝑁𝑁𝑠𝑠, 𝑁𝑁𝑑𝑑), 
astrocytes (𝐴𝐴𝑞𝑞, 𝐴𝐴𝑝𝑝), microglia (𝑀𝑀1, 𝑀𝑀2), and amyloid-𝛽𝛽 (𝐴𝐴𝐴𝐴). 
The model structure explicitly couples neuronal survival to the ratio of pro-inflammatory (𝑀𝑀1) to 
anti-inflammatory (𝑀𝑀2) microglia. The governing equation for surviving neurons (𝑁𝑁𝑠𝑠) illustrates 
this dependency: 

𝑑𝑑𝑁𝑁𝑠𝑠
𝑑𝑑𝑑𝑑 = 𝛼𝛼1𝐴𝐴𝑞𝑞 − 𝛼𝛼2𝐴𝐴𝑝𝑝 − 𝛼𝛼3𝑀𝑀1 

Here, 𝛼𝛼1, 𝛼𝛼2, and 𝛼𝛼3 represent the "pathway weights" for neurotrophic support (from quiescent 
astrocytes) and neurotoxicity (from reactive astrocytes and M1 microglia). 

Key Finding: Through a sensitivity analysis (SA), the authors found that the system is most 
sensitive to cross-inhibitory interactions between M1 and M2 phenotypes. The model predicts that 
therapeutic interventions enhancing the M2 → M1 inhibition pathway are significantly more 
effective than those merely suppressing M1 production, identifying a specific "control node" for 
drug development [67]. 
Modeling Clinical Heterogeneity in Traumatic Brain Injury (TBI) 
ODE models have also been pivotal in traumatic brain injury (TBI). Vaughan et al. (2018) 
developed a model parameterizing the cytokine network (IL-1𝛽𝛽, IL-10, IL-6) using clinical 
cerebrospinal fluid (CSF) data [18]. By fitting the model to individual patient trajectories, they 
identified distinct "inflammatory phenotypes." The analysis revealed that unfavorable outcomes 
were not solely due to excessive inflammation but could also result from a "blunted" or "sub-
physiological" response, suggesting that broad anti-inflammatory treatment could be harmful to 
specific patient subgroups [18]. 

Partial Differential Equations (PDEs): Spatiotemporal Propagation 
While ODEs capture when events happen, they are blind to where they happen. In conditions like 
MS or ischemic stroke, the spatial propagation of pathology—the expansion of a demyelinating 
lesion or the spread of the ischemic penumbra—is the defining clinical feature. PDEs extend the 
ODE framework by introducing spatial derivatives (𝛻𝛻2) to model diffusion and transport [69]. 

The model structure explicitly couples neuronal sur-
vival to the ratio of pro-inflammatory (M1) to anti-in-
flammatory (M2) microglia. The governing equation for 
surviving neurons (Ns) illustrates this dependency:

Here, α1, α2, and α3 represent the "pathway weights" for 
neurotrophic support (from quiescent astrocytes) and neu-
rotoxicity (from reactive astrocytes and M1 microglia).

Key finding: Through a sensitivity analysis (SA), the 
authors found that the system is most sensitive to cross-
inhibitory interactions between M1 and M2 phenotypes. 
The model predicts that therapeutic interventions en-
hancing the M2→M1 inhibition pathway are signifi-
cantly more effective than those merely suppressing M1 
production, identifying a specific "control node" for drug 
development [67].

Modeling clinical heterogeneity in traumatic 
brain injury (TBI)

ODE models have also been pivotal in TBI. Vaughan 
et al. (2018) developed a model parameterizing the cy-
tokine network (IL-1, IL-10, IL-6) using clinical cere-
brospinal fluid (CSF) data [18]. By fitting the model to 
individual patient trajectories, they identified distinct 
“inflammatory phenotypes.” The analysis revealed that 
unfavorable outcomes were not solely due to excessive 
inflammation but could also result from a “blunted” or 
“sub-physiological” response, suggesting that broad an-
ti-inflammatory treatment could be harmful to specific 
patient subgroups [18].

PDEs: Spatiotemporal propagation

While ODEs capture when events happen, they are 
blind to where they happen. In conditions like MS or 
ischemic stroke, the spatial propagation of pathology—
the expansion of a demyelinating lesion or the spread of 
the ischemic penumbra—is the defining clinical feature. 
PDEs extend the ODE framework by introducing spatial 
derivatives (∇2) to model diffusion and transport [69].

Theory: Reaction-diffusion and chemotaxis

The standard mathematical description for the spread 
of neuroinflammatory mediators is the reaction-diffu-
sion equation. However, cells do not move randomly; 
they migrate actively toward chemical signals. This 
requires the Keller-Segel model for chemotaxis [70] 
(Equation 4):

4. 

Theory: Reaction-Diffusion and Chemotaxis 
The standard mathematical description for the spread of neuroinflammatory mediators is the 
reaction-diffusion equation. However, cells do not move randomly; they migrate actively toward 
chemical signals. This requires the Keller-Segel model for chemotaxis [70]. 

𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕 = 𝐷𝐷𝑀𝑀∇2𝑀𝑀⏟    

Random Motility

− ∇ ⋅ (𝜒𝜒𝜒𝜒∇𝐶𝐶)⏟      
Directed Chemotaxis

+ 𝑓𝑓(𝑀𝑀, 𝐶𝐶)⏟    
Proliferation/Death

 

Here, 𝜒𝜒 (Chi) represents the chemotactic sensitivity coefficient. A high 𝜒𝜒 leads to rapid cellular 
aggregation [71]. 

Instability: Mathematical analysis shows that if 𝜒𝜒 exceeds a critical value relative to diffusion (𝐷𝐷), 
the uniform steady state becomes unstable, leading to the spontaneous formation of cellular 
aggregates or "patterns" (Turing instability) [72]. Furthermore, these cellular migration and 
interaction dynamics are inherently multiscale, with microglia and astrocytes structurally 
remodeling and communicating across these boundaries [73]. 

Case Study: Pattern Formation in Multiple Sclerosis (MS) 
The power of PDEs is exemplified in models of Baló’s Concentric Sclerosis, a rare variant of MS 
characterized by concentric rings of demyelination. Lombardo et al. (2017) utilized a Reaction-
Diffusion-Chemotaxis system to simulate macrophage recruitment (𝑚𝑚), cytokine diffusion (𝑐𝑐), and 
oligodendrocyte death (𝑑𝑑) [74]. 
The model demonstrated that these complex anatomical rings are not pre-programmed but are 
emergent structures resulting from a specific dynamic instability. The "wave" of demyelination 
travels outward, driven by macrophage chemotaxis. As macrophages destroy myelin, they exhaust 
the local attractant or enter a refractory state, causing the wave to stall and form a ring. Recovery 
allows a new wave to initiate, creating the concentric pattern [75]. This provides a mechanistic 
explanation of how molecular transport rates link to macroscopic tissue pathology. 
Modeling Anisotropy in the Brain  
A critical limitation of basic PDE models is the assumption of isotropic (uniform) diffusion. In the 
brain, white matter tracts create "highways" for molecular transport. Advanced models incorporate 
Diffusion Tensor Imaging data to define an anisotropic diffusion tensor 𝐷𝐷(𝑥𝑥), allowing 
simulations to predict how inflammation spreads preferentially along neural pathways, a key 
feature in neurodegenerative progression [76]. 
 
 
 
 
 
Table 2: Comparative Analysis of Mathematical Frameworks in Neuroimmunology 

Framework Core Assumption Best Application Primary Limitation Seminal 
Reference 
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Here, χ (Chi) represents the chemotactic sensitivity 
coefficient. A high χ leads to rapid cellular aggregation 
[71].

Instability: Mathematical analysis shows that if exceeds 
a critical value relative to diffusion (D), the uniform 
steady state becomes unstable, leading to the spontane-
ous formation of cellular aggregates or “patterns” (turing 
instability) [72]. Furthermore, these cellular migration 
and interaction dynamics are inherently multiscale, with 
microglia and astrocytes structurally remodeling and 
communicating across these boundaries [73].

Case study: Pattern formation in MS

The power of PDEs is exemplified in models of Baló’s 
concentric sclerosis, a rare variant of MS characterized 
by concentric rings of demyelination. Lombardo et al. 
(2017) utilized a Reaction-Diffusion-Chemotaxis sys-
tem to simulate macrophage recruitment (m), cytokine 
diffusion (c), and oligodendrocyte death (d) [74].

The model demonstrated that these complex anatomi-
cal rings are not pre-programmed but are emergent struc-
tures resulting from a specific dynamic instability. The 
"wave" of demyelination travels outward, driven by 
macrophage chemotaxis. As macrophages destroy my-
elin, they exhaust the local attractant or enter a refractory 
state, causing the wave to stall and form a ring. Recov-
ery allows a new wave to initiate, creating the concentric 
pattern [75]. This provides a mechanistic explanation of 
how molecular transport rates link to macroscopic tissue 
pathology.

Modeling anisotropy in the brain 

A critical limitation of basic PDE models is the assump-
tion of isotropic (uniform) diffusion. In the brain, white 
matter tracts create “highways” for molecular transport. 
Advanced models incorporate Diffusion Tensor Imaging 
data to define an anisotropic diffusion tensor, allowing 
simulations to predict how inflammation spreads prefer-
entially along neural pathways, a key feature in neurode-
generative progression [76].

ABMs: Stochastic emergence and spatial hetero-
geneity

While continuous frameworks (ODEs/PDEs) excel at 
modeling “mean field” behavior in well-mixed popula-
tions, they often fail to capture the granular complexity 
of neuroinflammation. Biological systems are inherently 
stochastic (governed by random probability) and hetero-

geneous (no two cells are identical). Furthermore, the 
brain is not a continuous gel but a structured network 
of connected nodes. To address these realities, in silico 
neuroimmunology increasingly relies on discrete model-
ing architectures.

ABMs represent a “bottom-up” paradigm shift. Instead 
of describing the system using aggregate variables (e.g. 
“concentration of microglia”), ABMs simulate the in-
dividual behavior of autonomous entities, or “agents,” 
within a virtual environment [81, 82]. These bottom-up 
frameworks have been reviewed to show how individual 
rules can accurately simulate complex interactions and 
emergent behaviors in immunology [83].

Theoretical basis: Rules, states, and emergence

In an ABM, each agent corresponds to a distinct bio-
logical component—such as a single microglial cell, 
a neuron, or even a discrete A plaque. The behavior of 
each agent is governed by a predefined set of probabilis-
tic rules (a “state chart”) that dictate how it interacts with 
its local environment and other agents.

The defining power of ABMs is emergence: Complex 
macroscopic phenomena—such as the formation of a 
glial scar or the concentric patterning of a lesion—are 
not explicitly programmed into the model but arise spon-
taneously from the collective interactions of thousands 
of individual agents [84].

Case study: Microglial dynamics in AD

A landmark application of ABM technology is the 
3D simulation of Alzheimer’s pathology developed by 
Weathered et al. (2024) using the Repast Simphony plat-
form [77]. This model was designed to elucidate the spa-
tiotemporal dynamics of microglia interacting with Aβ 
in a simulated hippocampal section.

1) Model structure: The simulation initializes with “in-
active” microglial agents and diffusing A monomers. 
Upon sensing A above a specific threshold, microglia 
transition to an “activated” state, enabling chemotaxis, 
phagocytosis, and proliferation. These microenviron-
mental feedbacks—where Aβ or tau pathology induces 
new microglial expression profiles—are central to in-
creasing subsequent neuronal toxicity [85].

2) Emergent behavior: The model successfully re-
produced the formation of plaque barriers—structures 
where activated microglia physically wall off amyloid 
deposits to prevent further growth [86]. 
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3) Therapeutic simulation: The study used “in silico 
knockout” experiments to selectively disable specific 
microglial functions (e.g. chemotaxis vs phagocytosis). 
The results quantified that microglial activation sensitiv-
ity was the single most critical parameter determining 
final plaque size and coverage, suggesting that therapies 
modulating surveillance thresholds may be more effec-
tive than those merely increasing phagocytic rate [77]. 
Accounting for such critical control parameters is essen-
tial, as microglial dysfunction and parameter uncertain-
ty remain major challenges in validating these models 
against clinical Alzheimer’s progression [87].

Case study: Microglia-neuron crosstalk

Complementary work by Ty et al. (2025) utilized 
ABMs to explore the “Find-Me” and “Eat-Me” signals 
between damaged neurons and microglia [78]. This 
model specifically focuses on the consequences of mi-
croglial deficiency. By simulating microglial failure to 
chemotactically locate and clear damaged neurons, the 
model demonstrates how the accumulation of uncleared 
neuronal debris acts as a secondary inflammatory trig-
ger, establishing a mechanistic link between senescent 
microglial function and accelerated neurodegeneration.

Network and graph-theoretic models: Connec-
tome-based pathology

Moving from the cellular scale to the whole-brain scale, 
neuroinflammation must be understood in the context of 
the connectome—the comprehensive map of neural con-
nections in the brain.

Theory: The network degeneration hypothesis

Emerging evidence suggests that neurodegenerative 
pathology (e.g. misfolded tau or α-synuclein) spreads 

through the brain in a "prion-like" manner, traversing 
anatomical axonal pathways [80]. Network models for-
malize this by treating the brain as a graph G=(V, E), 
where nodes V represent brain regions and edges E rep-
resent white matter tracts.

The network diffusion model (NDM)

The seminal NDM, described by Raj et al. (2012), uti-
lizes the graph Laplacian (L) to predict the trajectory of 
disease progression [79]. The governing equation is a 
graph-based heat equation (Equation 5):

5. 

The Network Diffusion Model (NDM) 
The seminal Network Diffusion Model (NDM), described by Raj et al. (2012), utilizes the Graph 
Laplacian (𝐿𝐿) to predict the trajectory of disease progression [79]. The governing equation is a 
graph-based heat equation: 

𝑑𝑑𝐱𝐱
𝑑𝑑𝑑𝑑 = −𝛽𝛽𝛽𝛽𝐁𝐁 

Key Finding: This elegant, low-parameter model demonstrated that the pattern of atrophy in 
Alzheimer’s and Frontotemporal Dementia is mathematically predictable from the brain's 
connectivity alone. Pathology does not spread by proximity (such as an oil spill) but by 
connectivity (such as a virus in an airport network), flowing from "seed" regions to their connected 
neighbors [88]. This framework is now being adapted to model the spread of neuroinflammation, 
tracking how cytokine signals propagate along functional networks. Recent evidence demonstrates 
that this microglia-driven network diffusion plays a pivotal role in spreading progressive 
tauopathies and synucleinopathies throughout the brain [89]. 

Logic-Based and Boolean Networks: Managing Intracellular Complexity 
At the intracellular level, the signaling networks governing glial activation (e.g., TLR4, nuclear 
factor kappa B [NF-𝜅𝜅B], Janus Kinase/signal transducer and activator of transcription) involve dozens 
of proteins with unknown kinetic parameters. To bypass the "parameter scarcity" problem of 
ODEs, researchers employ Logic-Based Models. 
Theory: Qualitative Topology 
These models abstract biological states into binary variables: a gene is either ON (1) or OFF (0). 
Interactions are defined by Boolean logic gates (AND, OR, NOT) rather than rate constants [90]. 

Application: Phenotypic Attractors 
Boolean networks allow for the computation of Attractors—stable states that the system naturally 
evolves toward. In neuroimmunology, these attractors correspond to distinct microglial 
phenotypes [91]. 

Insight: Boolean modeling has revealed that the "M1" and "M2" states are not transient fluctuations 
but deep basins of attraction. Furthermore, analysis of these networks suggests that "cyclic 
attractors" (oscillatory states) may represent a "primed" microglial phenotype, allowing for rapid 
responses without the metabolic cost of full activation [92]. To capture this complexity across 
systems, recent multiscale models have integrated network diffusion with ODE and Boolean 
modeling to better represent inflammatory modulation of network-driven spread [93]. This 
formalism is particularly advocated by Foster-Powell and Krishnan (2024) as a necessary tool for 
deciphering the dense signaling webs that underpin neuroinflammatory switches [9]. 

Critical Evaluation of Mathematical Frameworks 
To guide the selection and application of in silico models, it is essential to understand the trade-
offs inherent in each modeling paradigm. The primary frameworks used in neuroimmunology 
differ significantly in their mathematical assumptions, computational costs, and validation 

Key Finding: This elegant, low-parameter model dem-
onstrated that the pattern of atrophy in Alzheimer’s and 
Frontotemporal Dementia is mathematically predictable 
from the brain’s connectivity alone. Pathology does not 
spread by proximity (such as an oil spill) but by connec-
tivity (such as a virus in an airport network), flowing from 
“seed” regions to their connected neighbors [88]. This 
framework is now being adapted to model the spread of 
neuroinflammation, tracking how cytokine signals propa-
gate along functional networks. Recent evidence demon-
strates that this microglia-driven network diffusion plays 
a pivotal role in spreading progressive tauopathies and 
synucleinopathies throughout the brain [89].

Logic-based and boolean networks: managing in-
tracellular complexity

At the intracellular level, the signaling networks gov-
erning glial activation (e.g. TLR4, nuclear factor kappa 
B [NF-κB], Janus Kinase/signal transducer and activa-
tor of transcription) involve dozens of proteins with 
unknown kinetic parameters. To bypass the "parameter 

Table 2. Comparative analysis of mathematical frameworks in neuroimmunology

Framework Core Assumption Best Application Primary Limitation Seminal Ref.

ODEs
“Well-mixed”: Spatial 

homogeneity; concentration 
depends only on time (t)

Temporal dynamics; feedback 
loops; dose-response curves; 

clinical phenotyping

Cannot model lesions, plaques, 
or cell migration; assumes infinite 

population size
[18, 67]

PDEs
Continuum mechanics: 

variables depend on time and 
space (x, y, z, t)

Spatiotemporal spread; lesion 
expansion (MS); gradient 

formation; edema

Computational cost scales poorly 
with complexity; difficult to model 

single-cell heterogeneity
[70, 74]

ABMs
Stochastic autonomy: 

Individual “agents” follow 
probabilistic rule sets.

Emergent behavior (swarm-
ing); spatial heterogeneity 
(plaques); stochastic noise

Computationally expensive; “black 
box” nature makes mathematical 
analysis (e.g. bifurcation) difficult

[77, 78]

Network/graph theory

Connectivity: Interactions 
defined by structural edges 
(axons) between nodes (re-

gions)

Prion-like spread of misfolded 
proteins (Tau, α-syn) across the 

connectome

Lacks molecular detail; abstracts 
away cellular interactions within 

the node
[79, 80]

Jamali Y. Computational Neuroimmunology in Neurodegenerative Diseases. Immunoregulation. 2025; 8:E23.

http://immunoreg.shahed.ac.ir/


12

2025. Vol 8

scarcity" problem of ODEs, researchers employ Logic-
Based Models.

Theory: Qualitative topology

These models abstract biological states into binary vari-
ables: a gene is either ON (1) or OFF (0). Interactions are 
defined by Boolean logic gates (AND, OR, NOT) rather 
than rate constants [90].

Application: Phenotypic attractors

Boolean networks allow for the computation of Attrac-
tors—stable states that the system naturally evolves to-
ward. In neuroimmunology, these attractors correspond 
to distinct microglial phenotypes [91].

Insight: Boolean modeling has revealed that the “M1” 
and “M2” states are not transient fluctuations but deep 
basins of attraction. Furthermore, analysis of these net-
works suggests that “cyclic attractors” (oscillatory states) 
may represent a “primed” microglial phenotype, allow-
ing for rapid responses without the metabolic cost of full 
activation [92]. To capture this complexity across sys-
tems, recent multiscale models have integrated network 
diffusion with ODE and Boolean modeling to better 
represent inflammatory modulation of network-driven 
spread [93]. This formalism is particularly advocated by 
Foster-Powell and Krishnan (2024) as a necessary tool 
for deciphering the dense signaling webs that underpin 
neuroinflammatory switches [9].

Critical evaluation of mathematical frameworks

To guide the selection and application of in silico mod-
els, it is essential to understand the trade-offs inherent in 
each modeling paradigm. The primary frameworks used 
in neuroimmunology differ significantly in their math-
ematical assumptions, computational costs, and valida-
tion challenges. ODEs represent the most established 
formalism for analyzing temporal dynamics under the 
assumption that the system is well-mixed and spatially 
homogeneous. While ODEs have very low computa-
tional cost, allowing rapid bifurcation analysis and ro-
bust parameter sweeping, they completely neglect local-
ized tissue heterogeneity and complex spatial cell-to-cell 
interactions. Furthermore, parameter estimation in ODE 
models often suffers from identifiability issues and the 
phenomenon of “sloppiness,” where the system’s output 
is sensitive to only a few linear combinations of param-
eters while remaining functionally insensitive to others.

To address these spatial limitations, reaction-diffusion 
PDEs incorporate spatial derivatives to model the trans-
port and chemotactic movement of cells and cytokines. 
While PDEs introduce essential spatial dynamics, they 
operate under the continuum assumption, treating cell 
populations as continuous densities rather than discrete 
entities. This approximation breaks down at low cell 
densities or when individual stochastic cell behaviors 
(e.g. a single microglial cell initiating a response) drive 
the system [69]. Additionally, PDEs suffer from signifi-
cant parameterization challenges; measuring in vivo dif-
fusion coefficients and chemotactic sensitivities within 
the complex, anisotropic extracellular matrix of the brain 
is exceptionally difficult, and small errors in these pa-
rameters can drastically alter pattern formation dynam-
ics (e.g. Turing instabilities) [71].

ABMs bypass the constraints of continuum assump-
tions by treating biological components, such as microg-
lia and astrocytes, as discrete and autonomous entities. 
These models can capture emergent phenomena, such as 
the formation of microglial plaque barriers around amy-
loid-beta, without requiring a priori assumptions of spa-
tial homogeneity. However, while ABMs excel at gener-
ating complex, emergent macroscopic phenomena from 
simple microscopic rules, their application in neuroim-
munology is constrained by several critical limitations. 
First, simulating thousands of autonomous agents inter-
acting within a 3D virtual tissue requires immense com-
putational power, often limiting the feasible temporal 
or spatial scales of the simulation [81]. Second, ABMs 
require the specification of numerous probabilistic rules 
and thresholds, leading to severe parameter uncertainty 
and the ‘curse of dimensionality’ that complicates ex-
haustive SA [94]. Finally, ABMs function as ‘black 
boxes’ that resist traditional mathematical analysis (e.g. 
bifurcation analysis). Without rigorous pattern-oriented 
validation against spatially resolved quantitative data, 
there is a significant risk of constructing biologically 
plausible but mechanistically incorrect models [84].”

To address these limitations, the field is moving to-
ward Surrogate modeling and model order reduction. 
Techniques, such as physics-informed neural networks 
(PINNs) or dynamic mode decomposition, are used to 
train fast, continuous surrogate models that approximate 
the input-output map of the slow ABM, thereby bypass-
ing computational cost while retaining the emergent dy-
namics.

Finally, NDMs describe the whole-brain propagation 
of pathological agents along axonal tracts. While com-
putationally efficient and valuable for mapping large-
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scale connectome topology, NDMs lack molecular and 
cellular resolution, abstracting away local microglial 
and astrocytic interactions within each node. To address 
these discrepancies, future approaches will require hy-
brid multiscale platforms that couple network-level 
connectome diffusion operators with local parenchymal 
ODEs or ABMs, thereby capturing both macro-scale 
spreading and micro-scale cellular dynamics.

Quantitative analysis and model behavior

The true utility of mathematical modeling in neuroim-
munology lies not merely in reproducing observed data 
but in revealing the underlying dynamic principles—the 
“quantitative logic”—that govern the system. This sec-
tion explores three critical quantitative concepts that 
have emerged from in silico studies: Bistability (and the 
associated phenomenon of hysteresis), stability analysis, 
and parameter sensitivity.

Dynamics of state transitions: Bistability and hys-
teresis

One of the most profound insights provided by math-
ematical modeling is the characterization of neuroin-
flammation as a bistable system. In dynamical systems 
theory, a bistable system is one that possesses two dis-
tinct stable equilibrium states (attractors) for the same 
set of parameters.

The concept of “lock-in” (hysteresis)

In a linear biological system, the response is propor-
tional to the stimulus: if the stimulus is removed, the re-
sponse returns to baseline. However, neuroinflammation 
models, particularly those involving positive feedback 
loops (e.g. TNF-α auto-induction or the α-synuclein/
ROS loop), exhibit hysteresis [27].

1) The healthy state: At low levels of stimulus (e.g. 
minimal amyloid load), the system resides in a “basal” 
state where anti-inflammatory mechanisms (TGF-β, IL-
10) dominate. 

2) The tipping point: As the stimulus increases, the 
system resists change until it crosses a critical threshold 
(the bifurcation point). Once crossed, the system rapidly 
transitions to a “high-inflammation” state. 

3) The chronic state: Crucially, if the stimulus is subse-
quently reduced, the system does not immediately return 
to the healthy state. Instead, it remains “locked in” to the 
high-inflammation attractor due to self-sustaining inter-
nal feedback [95].

Figure 3 shows this dynamic irreversibility, illustrat-
ing how the ‘lock-in’ zone prevents the system from re-
turning to homeostasis despite a reduction in the initial 
stimulus.

In a linear system (dashed grey line), the inflammatory 
response is proportional to the pathological stimulus; re-
moving the stimulus returns the system to baseline. In 

Figure 3. The dynamics of neuroinflammatory hysteresis and the “lock-in” effect
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a bistable neuroimmune system (solid black line), the 
response follows a hysteresis loop. As the pathological 
load (e.g. Aβ) increases, the system resists activation un-
til it crosses a critical "bifurcation point" (T1), triggering 
a rapid transition to a chronic high-inflammation state. 
Crucially, reducing the stimulus back to original levels 
is insufficient to resolve inflammation. The system re-
mains trapped in the "lock-in zone" (shaded red area) 
due to self-perpetuating feedback loops. Homeostasis 
can only be restored if the stimulus is reduced below a 
much lower "resolution threshold" (T2). 

Biological Implication: This mathematical property 
explains the clinical observation in Alzheimer’s and MS 
that therapeutic interventions often fail if administered 
too late. Once the “lock-in” point is passed, the disease 
becomes self-perpetuating, independent of the original 
trigger [10].

Stability analysis: Defining the landscape

To understand these transitions, modelers perform Sta-
bility Analysis. This involves calculating the eigenvalues 
of the Jacobian matrix of the system’s differential equa-
tions at steady states.

1) Stable node: If all eigenvalues have negative real 
parts, the state is stable (such as a ball in a valley). Small 
perturbations dampen out, returning the system to health. 

2) Unstable saddle point: If eigenvalues are mixed, the 
state is unstable (like a ball on a hill). This often rep-
resents the “separatrix”—the boundary between health 
and disease. 

3) Limit cycles (oscillations): In some conditions, such 
as the relapsing-remitting phase of MS, the system enters 
a "Hopf Bifurcation," where stability is lost to sustained 

oscillations. The Jenner et al. (2025) model mathemati-
cally demonstrates that high inflammatory strength (ϕ) 
drives the system into this oscillatory regime, providing 
a rigorous explanation for the cyclic clinical course of 
MS [26].

Parameter sensitivity and uncertainty

Complex neuroimmune models often contain dozens 
of parameters (rate constants, binding affinities, diffu-
sion coefficients). SA is the quantitative method used to 
determine which of these parameters truly matter.

Critical vs sloppy parameters

Global SA techniques (e.g. Sobol indices or Partial 
Rank Correlation Coefficients) consistently reveal that 
biological models are “sloppy”—meaning the system’s 
output is highly sensitive to a few “stiff” parameters but 
largely indifferent to many others [94, 96].

Critical parameters: In neuroinflammation models, 
the parameters with the highest sensitivity scores are 
frequently decay rates (e.g. the half-life of cytokines) 
and activation thresholds (K0.5), rather than production 
rates [62]. For instance, in the Puri & Li AD model, the 
“cross-inhibition” parameters (M2 inhibiting M1) were 
identified as the most potent control levers.

Implication for Therapy: This finding suggests that 
drugs designed to accelerate the clearance of inflam-
matory mediators or modulate receptor sensitivity may 
be more effective than those simply blocking cytokine 
production [67].

Addressing data scarcity

A major challenge, noted as the “Parameter Identifica-
tion Problem,” is the lack of precise human kinetic data. 

Table 3. The systems logic of neurodegenerative diseases

Disease Context Primary Driver (Input) Key Feedback Loop Topology Resulting System Behavior (Dynamical Feature)

AD Amyloid- accumulation 
(plaques)

Bistable switch: Microglial failure to clear 
A leads to chronic inflammation, which 

suppresses clearance.

“Lock-in”/hysteresis: Once A exceeds a threshold, 
the system is trapped in a disease basin even if A 

production slows.

PD α-synuclein/ROS aggrega-
tion

Double negative: α-syn induces ROS; ROS 
promotes α-syn aggregation and kills 

neurons.

Irreversible transition: A tipping point separates 
healthy homeostasis from runaway degenera-

tion.

MS Autoimmune demyelination
Delayed negative feedback: Immune 
attack destroys myelin delayed repair 

signals recovery.

Limit cycles (oscillations): The system oscillates 
between relapse (high inflammation) and remis-

sion (repair) before eventual collapse.

Ischemic stroke Acute hypoxia/Flow ces-
sation

Biphasic response: Early microglial activa-
tion (protective) vs Late activation (toxic).

Critical transitions: The fate of the penumbra de-
pends on the timing of the inflammatory switch 

relative to reperfusion.

ROS: Reactive oxygen species.�
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Most parameters are derived from murine in vitro stud-
ies. Advanced modeling addresses this through ensemble 
modeling, where simulations are run thousands of times 
with randomized parameter values within biologically 
plausible ranges. This generates a “probability cloud” 
of outcomes rather than a single prediction, allowing re-
searchers to assess the robustness of their conclusions 
despite data uncertainty [28].

Disease-specific modeling paradigms

While the fundamental machinery of neuroinflamma-
tion is conserved across the CNS, the specific driving 
forces and temporal dynamics differ vastly among pa-
thologies. Mathematical modeling allows researchers to 
customize “generic” neuroimmune models to specific 
disease states by adjusting initial conditions, boundary 
conditions, and feedback topology. Despite their biologi-
cal differences, these pathologies share common dynam-
ical features, such as bistability and feedback loops, as 
detailed in Table 3.

AD: Amyloid kinetics and the inflammatory feed-
back loop

AD is characterized by the accumulation of extracel-
lular Aβ plaques and intracellular Tau tangles, accompa-
nied by chronic neuroinflammation. The "Inflammatory 
Hypothesis" of AD suggests that microglia, unable to 
effectively clear Aβ, become chronically activated, caus-
ing collateral damage to neurons [97].

Modeling the cycle of chronicity (the Puri and Li 
model)

The model by Puri and Li (2010) demonstrates that the 
system exhibits bistability: Below a certain A threshold, 
the brain maintains a healthy state dominated by M2 
microglia; however, once A exceeds a critical level, the 
system crosses a separatrix into a self-sustaining disease 
state characterized by M1 dominance and progressive 
neuronal loss [67].

Amyloid aggregation kinetics

The accumulation of A is modeled as a nucleation-
polymerization process. Mathematical analysis of global 
kinetic data has revealed that secondary nucleation—
where existing fibrils catalyze the formation of new 
nuclei on their surface—is the dominant driver of the 
“explosive” phase of plaque growth [98, 99]. This in-
sight implies that therapeutic antibodies targeting fibril 
surfaces (to prevent secondary nucleation) may be more 
effective than those sequestering soluble monomers.

Agent-based simulations of “frustrated phagocy-
tosis”

To capture spatial dynamics, Weathered et al. (2024) 
developed a 3D ABM simulating microglial responses 
to amyloid plaques [77]. The model reproduces the phe-
nomenon of “frustrated phagocytosis,” where microglia 
swarm plaques but fail to clear them, instead forming a 
physical barrier. In silico knockout experiments within 
this framework quantified that the activation threshold 
(sensitivity to A) significantly impacts plaque size and 
coverage, validating the role of TREM2-mediated sig-
naling in regulating the plaque boundary.

PD: The “double negative” and oxidative stress

In PD, the pathology is centered on the loss of dopa-
minergic neurons in the substantia nigra, driven by the 
aggregation of alpha-synuclein (α-syn) [21].

The α-synuclein/ROS feedback loop

Mathematical models of PD pathogenesis emphasize a 
destructive “Double Negative” feedback loop involving 
ROS.

1) The loop: Aggregated α-syn activates microglia via 
TLR2/TLR4 receptors, causing them to release ROS. 

2) The feedback: ROS promotes further α-syn aggrega-
tion (by damaging protein structure) and simultaneously 
inhibits mitochondrial function in neurons [100]. 

3) Systems behavior: This mutual reinforcement cre-
ates a bistable system. The brain can tolerate a certain 
level of α-syn and ROS (healthy equilibrium), but once 
a critical threshold is exceeded, the system irreversibly 
shifts toward neurodegeneration.

Modeling prion-like spread

The “network degeneration hypothesis” in PD posits 
that α-syn pathology propagates along neural connec-
tions. NDMs utilizing the Graph Laplacian of the human 
connectome have successfully predicted the patterns of 
atrophy observed in PD patients, supporting the theory 
that pathology starts in the brainstem (or gut) and dif-
fuses via axonal transport to the cortex [79, 101].

MS: Spatiotemporal lesion dynamics

MS is unique among these disorders due to its highly 
focal pathology (plaques) and the prominent role of pe-
ripheral immune infiltration.
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Modeling relapse and remission (oscillatory dy-
namics)

The clinical course of relapsing-remitting MS begs for 
a dynamic explanation. A minimal ODE model by Jen-
ner et al. (2025) captures this behavior using two vari-
ables: healthy myelin (M) and inflammation (I). The 
model reveals that high inflammatory strength (ϕ) drives 
the system through a Hopf bifurcation, where a stable 
steady state loses stability and enters a limit cycle [26]. 
These mathematical oscillations correspond directly to 
the clinical cycles of relapse (high inflammation, low 
myelin) and remission (low inflammation, recovering 
myelin).

Reaction-diffusion and pattern formation

To explain the spatial structure of lesions, such as the 
concentric rings seen in Baló’s sclerosis, researchers 
use PDEs that incorporate chemotaxis [74]. The model 
demonstrates that these “Turing patterns” emerge from 
the interplay between macrophage chemotaxis (towards 
cytokines) and differential diffusion rates. The “travel-
ling wave” of demyelination expands outward until lo-
cal resources are exhausted or refractory periods set in, 
creating stationary rings of destruction [75].

TBI: Temporal phenotyping

In TBI, the insult is acute, but the sequelae can be 
chronic. The models here focus on predicting long-term 
outcomes from acute cytokine profiles. Vaughan et al. 
(2018) developed an ODE model calibrated with CSF 
data from TBI patients [18]. By analyzing the kinetic 
parameters of cytokines (IL-1β, IL-6, IL-10), the study 
identified distinct patient subgroups.

1) Resolving profile: Patients with a transient inflam-
matory spike that resolves quickly (good outcome). 

2) Chronic/blunted profiles: Patients with either pro-
longed, non-resolving inflammation or a “blunted,” sub-
physiological response (poor outcome). Implication: 
This modeling suggests that “anti-inflammatory” treat-
ment might actually harm the “blunted” group by deep-
ening their immune paralysis, necessitating personalized 
modeling for clinical decision support [18].

Ischemic stroke: The penumbra and edema

Stroke models are characteristically "multi-physics," 
coupling fluid dynamics (blood flow/edema) with re-
action-diffusion (inflammation). The critical target in 
stroke modeling is the penumbra—the tissue surround-

ing the infarct core that is functionally impaired but still 
viable. Differential equation models track oxygen supply 
versus metabolic consumption. A key insight from these 
models is the dual role of microglia: early activation 
(<24 hours) is modeled as potentially protective (sealing 
the core), while late activation (>3 days) drives second-
ary neurodegeneration and edema formation [102].

Tools, implementation, and standardization

The translation of mathematical frameworks into ac-
tionable scientific results relies heavily on the compu-
tational infrastructure employed. As the complexity of 
neuroimmune models increases—moving from simple 
two-equation systems to multiscale simulations involv-
ing thousands of agents—the choice of software plat-
form and adherence to standardization protocols be-
comes critical for reproducibility and collaboration.

Simulation platforms: A comparative review

No single software solution addresses the diverse needs 
of in silico neuroimmunology. Consequently, the field 
utilizes a stratified ecosystem of tools, ranging from 
general-purpose mathematical solvers to specialized 
biological simulators. Table 4 presents the capabilities 
and specific applications of the most prominent software 
platforms.

Deterministic and equation-based solvers

For systems modeled via ODEs, MATLAB (SimBiolo-
gy) remains the industry standard. It offers robust “stiff” 
solvers (e.g. ode15s) essential for handling the multiple 
timescales of neuroinflammation, as well as sophisti-
cated toolboxes for global SA and parameter estimation. 
However, its proprietary nature can limit accessibility.

Complex pathway simulator (COPASI) serves as a 
powerful open-source alternative. Designed specifically 
for biochemical networks, it excels at analyzing steady 
states and metabolic control, though it lacks the spatial 
capabilities required for tissue-level modeling.

Agent-based and spatial simulators

For spatially explicit ABMs, different platforms offer 
varying balances of ease-of-use versus computational 
power:

1) NetLogo: Widely used for rapid prototyping and ed-
ucational models due to its intuitive “turtle-patch” logic. 
It is effective for visualizing emergent phenomena, such 
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as chemotactic swarming, but may struggle with the 
computational demands of massive cell populations. 

2) Repast simphony: A high-performance, Java-based 
platform utilized in advanced studies, such as the Al-
zheimer’s amyloid model by Weathered et al. (2024). It 
supports complex 3D environments and rigorous data 
collection, making it suitable for large-scale “in silico 
knockout” experiments [77]. 

3) CompuCell3D: Based on the Glazier-Graner-Ho-
geweg (GGH) or cellular potts model, this platform mod-
els cells as deformable objects with energy constraints. 
It is the gold standard for simulating tissue mechanics, 
such as how microglia physically squeeze through the 
neuropil or how an astrocytic scar compacts over time.

Standardization and reproducibility: The crisis of 
“black box” models

A significant hurdle in the maturation of systems neu-
roimmunology is the “reproducibility crisis.” Foster-
Powell and Krishnan (2024) highlight a concerning sta-
tistic: less than 20% of published quantitative systems 
pharmacology (QSP) models in neuroscience have pub-
licly available, executable code. This opacity renders 
many models “black boxes,” preventing independent 
validation.

To combat this, the community is increasingly adopt-
ing systems biology markup language (SBML). SBML 
is a machine-readable, XML-based standard that de-
scribes biological models (species, reactions, param-
eters) independently of the software used to run them. 
This interoperability allows a model built in MATLAB 
to be validated in COPASI. Furthermore, adherence to 

the minimum information requested in the annotation of 
biochemical models (MIRIAM) guidelines ensures that 
model components are annotated with unique biological 
identifiers (e.g. UniProt IDs for proteins), facilitating the 
integration of disparate models into larger supermodels.

Future frontiers: From explanation to control

The next generation of neuroimmune modeling is tran-
sitioning from explanatory (reproducing past data) to 
predictive and interventional (controlling future states).

Digital twins and patient-specific modeling

The ultimate application of these mathematical frame-
works is the realization of “digital twins,” which serve 
as high-fidelity virtual replicas of individual patients. 
By integrating structural data, such as MRI-derived con-
nectomics, with functional immune profiles—including 
CSF cytokines and APOE genotypes—into a unified 
multiscale model, clinicians can simulate a patient’s 
specific disease trajectory with unprecedented accuracy. 
This synthesis enables the transition from generalized 
medical observations to predictive, personalized simula-
tions that account for the unique biological nuances of 
an individual.

The “Virtual Brain Twin” project represents a signifi-
cant leap in this direction by effectively linking micro-
scopic molecular changes to macroscale brain activity 
patterns. This approach is already yielding practical re-
sults in TBI research; for instance, Vaughan et al. (2018) 
demonstrate that patient-specific ODE models can clas-
sify individuals into distinct immune subtypes, such as 
“resolving” versus “chronic” [18]. These models pro-
vide a definitive roadmap for precision immunomodu-

Table 4. Ecosystem of computational tools for in silico neuroimmunology

Software Platform Mathematical Focus Key Features for Neuroim-
munology Open Source? Best For...

MATLAB (simbiology) ODEs/systems biology
Rigid/stiff solvers (ode15s) for 
multi-scale time problems; pa-
rameter estimation toolboxes

No (proprietary) Precise kinetic modeling; clinical 
QSP models; sensitivity analysis.

COPASI ODEs/stochastic
User-friendly GUI; specialized 

for biochemical pathways; 
SBML compatible

Yes Studying intracellular signaling 
networks (e.g. NF-B pathway).

CompuCell3D PDEs/GGH (potts)
Models cell shape, adhesion, 

and tissue mechanics (e.g. glial 
scarring)

Yes Tissue engineering simulations; 
barrier formation models.

Repast Simphony ABM
High-performance Java base; 
supports massive numbers of 

agents in 3D space
Yes Large-scale simulations of plaque 

formation or viral spread.

NetLogo ABM Highly intuitive “Turtle/Patch” 
language; rapid prototyping Yes Educational demos; simple visual-

izations of chemotaxis/swarming.

�
Abbreviations: ODEs: Ordinary differential equations; PDEs: Partial differential equations; GGH: Glazier-graner-hogeweg; 
SBML: Systems biology markup language; NF-B: Nuclear factor kappalightchainenhancer of activated B cells; COPASI: Com-
plex pathway simulator; QSP: Quantitative systems pharmacology; ABM: Agent-based models.
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lation, allowing clinicians to time specific therapies to 
coincide with the patient’s unique inflammatory phase.

Machine learning integration: PINNs

To address the “Parameter Scarcity” problem, the field 
is increasingly integrating machine learning with clas-
sical differential equations. PINNs represent a sophis-
ticated hybrid approach to this challenge. Rather than 
treating biological systems as “black boxes” that ignore 
underlying mechanics, PINNs use neural networks to 
approximate unknown parts of an equation, such as the 
exact shape of a reaction curve, while simultaneously 
enforcing strict adherence to fundamental physical laws, 
such asthe conservation of mass and energy.

By embedding these physical constraints directly into 
the neural network’s loss function, this framework en-
sures the resulting model remains biologically and phys-
ically plausible. This integration is particularly transfor-
mative for clinical research, as it allows robust models 
to be trained on sparse clinical data that would other-
wise be insufficient for traditional parameter estimation 
methods. Consequently, PINNs bridge the gap between 
data-driven discovery and mechanistic understanding, 
offering a more reliable path toward modeling complex 
neuro-immune interactions.

From explanation to control: In silico trials

Finally, the field is moving toward engineering control. 
QSP models are now being used to conduct “in silico 
clinical trials”. By generating virtual populations with 
realistic biological variability, researchers can test drug 
candidates to identify “tipping points”—the specific 
dosage and timing required to push the neuroimmune 
system out of a chronic disease basin and back toward 
homeostasis. This capability promises to de-risk drug 
development and rescue promising anti-inflammatory 
therapies that failed in broad trials by identifying the spe-
cific patient subgroups in which they would be effective. 

Conclusion

Neuroinflammation is a fundamental pillar of CNS 
function, acting as both a guardian of homeostasis and 
an executioner in neurodegeneration. The complexity 
of this system—characterized by non-linear feedback 
loops, paradoxical cytokine functions, and interactions 
spanning milliseconds to decades—often exceeds the in-
tuitive grasp of the unaided human mind.

This review has demonstrated that in silico neuroim-
munology is no longer a niche abstraction but an indis-
pensable engine of discovery. Through the rigorous ap-
plication of ODEs, PDEs, and ABMs, researchers have 
quantitatively defined the “logic” of the system. We now 
understand that glial phenotypes are continuous spectra 
rather than binary switches; that the timing of feedback 
(e.g. TGF-β vs IL-10) determines the success of resolu-
tion; and that stochastic noise is a feature, not a bug, of 
immune decision-making.

As high-resolution data from single-cell sequencing 
and connectomics continue to grow, the fidelity of these 
models will only increase. The future of combating AD, 
Parkinson’s disease, and MS lies not just in the wet lab, 
but in the equations and simulations that allow us to un-
derstand, predict, and ultimately control the complex dy-
namic system we call the brain.

Ethical Considerations

Compliance with ethical guidelines

This article is a review paper with no human or animal 
sample.

Funding

This research received no specific grant from any fund-
ing agency in the public, commercial, or not-for-profit 
sectors.

Conflicts of interest

The author declared no conflict of interest.

Acknowledgements

The author expresses sincere gratitude to Tahereh Ja-
mali for her valuable insights, guidance, and support 
during the preparation of this manuscript.

References

[1] Filiano AJ, Xu Y, Tustison NJ, Marsh RL, Baker W, Smirnov 
I, et al. Unexpected role of interferon-γ in regulating neu-
ronal connectivity and social behaviour. Nature. 2016; 
535(7612):425-9. [DOI:10.1038/nature18626] [PMID] 

[2] Louveau A, Smirnov I, Keyes TJ, Eccles JD, Rouhani SJ, Peske 
JD, et al. Structural and functional features of central nerv-
ous system lymphatic vessels. Nature. 2015; 523(7560):337-
41. [DOI:10.1038/nature14432] [PMID] 

Jamali Y. Computational Neuroimmunology in Neurodegenerative Diseases. Immunoregulation. 2025; 8:E23.

http://immunoreg.shahed.ac.ir/
https://doi.org/10.1038/nature18626
https://www.ncbi.nlm.nih.gov/pubmed/27409813
https://doi.org/10.1038/nature14432
https://www.ncbi.nlm.nih.gov/pubmed/26030524


19

2025. Vol 8

[3] Kipnis J. Multifaceted interactions between adaptive im-
munity and the central nervous system. Science. 2016; 
353(6301):766-71. [DOI:10.1126/science.aag2638] [PMID] 

[4] Deng Q, Wu C, Parker E, Liu TC, Duan R, Yang L. Micro-
glia and astrocytes in alzheimer's disease: Significance and 
summary of recent advances. Aging and Disease. 2024; 
15(4):1537-64. [DOI:10.14336/AD.2023.0907] [PMID] 

[5] Vodovotz Y, Csete M, Bartels J, Chang S, An G. Translational 
systems biology of inflammation. PLos computational biolo-
gy. 2008; 4(4):e1000014. [DOI:10.1371/journal.pcbi.1000014] 
[PMID] 

[6] Butovsky O, Jedrychowski MP, Moore CS, Cialic R, Lanser 
AJ, Gabriely G, et al. Identification of a unique TGF-β-
dependent molecular and functional signature in microglia. 
Nature Neuroscience. 2014; 17(1):131-43. [DOI:10.1038/
nn.3599] [PMID] 

[7] Glass CK, Saijo K, Winner B, Marchetto MC, Gage FH. Mech-
anisms underlying inflammation in neurodegeneration. 
Cell. 2010; 140(6):918-34. [DOI:10.1016/j.cell.2010.02.016] 
[PMID] 

[8] Ransohoff RM. A polarizing question: Do M1 and M2 mi-
croglia exist? Nature Neuroscience. 2016; 19(8):987-91 
[DOI:10.1038/nn.4338] [PMID]

[9] Foster-Powell A, Rostami-Hodjegan A, Meno-Tetang G, 
Mager DE, Ogungbenro K. Mathematical modeling of neu-
roinflammation in neurodegenerative diseases. CPT: Phar-
macometrics & Systems Pharmacology. 2025; 14(12):1908-22. 
[DOI:10.1002/psp4.70064] [PMID] 

[10] Scheffer M, Bascompte J, Brock WA, Brovkin V, Carpen-
ter SR, Dakos V, et al. Early-warning signals for critical 
transitions. Nature. 2009; 461(7260):53-9. [DOI:10.1038/na-
ture08227] [PMID]

[11] Strogatz SH. Nonlinear dynamics and chaos with stu-
dent solutions manual. Boca Raton: CRC Press; 2018. 
[DOI:10.1201/9780429399640]

[12] Mogilner A, Wollman R, Marshall WF. Quantitative mod-
eling in cell biology: What is it good for? Developmental 
Cell. 2006; 11(3):279-87. [DOI:10.1016/j.devcel.2006.08.004] 
[PMID]

[13] Prokop S, Miller KR, Heppner FL. Microglia actions in Alz-
heimer’s disease. Acta Neuropathologica. 2013; 126(4):461-
77. [DOI:10.1007/s00401-013-1182-x] [PMID]

[14] Kitano H. Biological robustness. Nature Reviews. Genetics. 
2004; 5(11):826-37. [DOI:10.1038/nrg1471] [PMID]

[15] Matzinger P. The danger model: A renewed sense of 
self. Science. 2002; 296(5566):301-5. [DOI:10.1126/sci-
ence.1071059] [PMID]

[16] Schwartz M, Kipnis J, Rivest S, Prat A. How do immune 
cells support and shape the brain in health, disease, and 
aging? The Journal of Neuroscience. 2013; 33(45):17587-96. 
[DOI:10.1523/JNEUROSCI.3241-13.2013] [PMID] 

[17] Bianchi ME. DAMPs, PAMPs and alarmins: All we need 
to know about danger. Journal of Leukocyte Biology. 2007; 
81(1):1-5. [DOI:10.1189/jlb.0306164] [PMID]

[18] Vaughan LE, Ranganathan PR, Kumar RG, Wagner AK, 
Rubin JE. A mathematical model of neuroinflammation in 

severe clinical traumatic brain injury. Journal of Neuroin-
flammation. 2018; 15(1):345. [DOI:10.1186/s12974-018-1384-
1] [PMID] 

[19] Serhan CN. Pro-resolving lipid mediators are leads for 
resolution physiology. Nature. 2014; 510(7503):92-101. 
[DOI:10.1038/nature13479] [PMID] 

[20] Heneka MT, Carson MJ, El Khoury J, Landreth GE, Bro-
sseron F, Feinstein DL, et al. Neuroinflammation in Alzhei-
mer's disease. The Lancet. Neurology. 2015; 14(4):388-405. 
[DOI:10.1016/S1474-4422(15)70016-5] [PMID] 

[21] Tansey MG, Goldberg MS. Neuroinflammation in Parkin-
son's disease: its role in neuronal death and implications for 
therapeutic intervention. Neurobiology of Disease. 2010; 
37(3):510-8. [DOI:10.1016/j.nbd.2009.11.004] [PMID] 

[22] Smith JA, Das A, Ray SK, Banik NL. Role of pro-inflam-
matory cytokines released from microglia in neurodegen-
erative diseases. Brain Research Bulletin. 2012; 87(1):10-20. 
[DOI:10.1016/j.brainresbull.2011.10.004] [PMID] 

[23] Ransohoff RM. How neuroinflammation contributes 
to neurodegeneration. Science. 2016; 353(6301):777-83. 
[DOI:10.1126/science.aag2590] [PMID]

[24] Schwartz M, Baruch K. The resolution of neuroinflam-
mation in neurodegeneration: Leukocyte recruitment via 
the choroid plexus. The EMBO Journal. 2014; 33(1):7-22. 
[DOI:10.1002/embj.201386609] [PMID] 

[25] Cherry JL, Adler FR. How to make a biological switch. Jour-
nal of Theoretical Biology 2000; 203(2):117-33. [DOI:10.1006/
jtbi.2000.1068] [PMID]

[26] Jenner AL. Weatherley GR, Frascoli F. A math-
ematical model for inflammation and demyelina-
tion in multiple sclerosis. bioRxiv. 2025 [Unpublished]. 
[DOI:10.1101/2025.07.31.667831]

[27] Pomerening JR, Sontag ED, Ferrell JE Jr. Building a cell cy-
cle oscillator: Hysteresis and bistability in the activation of 
Cdc2. Nature Cell Biology. 2003; 5(4):346-51. [DOI:10.1038/
ncb954] [PMID]

[28] Aldridge BB, Burke JM, Lauffenburger DA, Sorger PK. 
Physicochemical modelling of cell signalling pathways. 
Nature Cell Biology. 2006; 8(11):1195-203. [DOI:10.1038/
ncb1497] [PMID]

[29] Covert MW, Leung TH, Gaston JE, Baltimore D. Achiev-
ing stability of lipopolysaccharide-induced NF-kappaB ac-
tivation. Science. 2005; 309(5742):1854-7. [DOI:10.1126/sci-
ence.1112304] [PMID]

[30] Sofroniew MV. Molecular dissection of reactive astroglio-
sis and glial scar formation. Trends in Neurosciences. 2009; 
32(12):638-47. [DOI:10.1016/j.tins.2009.08.002] [PMID] 

[31] Jack CR Jr, Knopman DS, Jagust WJ, Shaw LM, Aisen 
PS, Weiner MW, et al. Hypothetical model of dynamic 
biomarkers of the Alzheimer's pathological cascade. The 
Lancet. Neurology. 2010; 9(1):119-28. [DOI:10.1016/S1474-
4422(09)70299-6] [PMID] 

[32] Iadecola C. The neurovascular unit coming of age: A 
journey through neurovascular coupling in health and 
disease. Neuron. 2017; 96(1):17-42. [DOI:10.1016/j.neu-
ron.2017.07.030] [PMID] 

Jamali Y. Computational Neuroimmunology in Neurodegenerative Diseases. Immunoregulation. 2025; 8:E23.

http://immunoreg.shahed.ac.ir/
https://doi.org/10.1126/science.aag2638
https://www.ncbi.nlm.nih.gov/pubmed/27540163
https://doi.org/10.14336/AD.2023.0907
https://www.ncbi.nlm.nih.gov/pubmed/37815901
https://doi.org/10.1371/journal.pcbi.1000014
https://www.ncbi.nlm.nih.gov/pubmed/18437239
https://doi.org/10.1038/nn.3599
https://doi.org/10.1038/nn.3599
https://www.ncbi.nlm.nih.gov/pubmed/24316888
https://doi.org/10.1016/j.cell.2010.02.016
https://www.ncbi.nlm.nih.gov/pubmed/20303880
https://doi.org/10.1038/nn.4338
https://www.ncbi.nlm.nih.gov/pubmed/27459405
https://doi.org/10.1002/psp4.70064
https://www.ncbi.nlm.nih.gov/pubmed/40801430
https://doi.org/10.1038/nature08227
https://doi.org/10.1038/nature08227
https://www.ncbi.nlm.nih.gov/pubmed/19727193
https://doi.org/10.1201/9780429399640
https://doi.org/10.1016/j.devcel.2006.08.004
https://www.ncbi.nlm.nih.gov/pubmed/16950120
https://doi.org/10.1007/s00401-013-1182-x
https://www.ncbi.nlm.nih.gov/pubmed/24224195
https://doi.org/10.1038/nrg1471
https://www.ncbi.nlm.nih.gov/pubmed/15520792
https://doi.org/10.1126/science.1071059
https://doi.org/10.1126/science.1071059
https://www.ncbi.nlm.nih.gov/pubmed/11951032
https://doi.org/10.1523/JNEUROSCI.3241-13.2013
https://www.ncbi.nlm.nih.gov/pubmed/24198349
https://doi.org/10.1189/jlb.0306164
https://www.ncbi.nlm.nih.gov/pubmed/17032697
https://doi.org/10.1186/s12974-018-1384-1
https://doi.org/10.1186/s12974-018-1384-1
https://www.ncbi.nlm.nih.gov/pubmed/30563537
https://doi.org/10.1038/nature13479
https://www.ncbi.nlm.nih.gov/pubmed/24899309
https://doi.org/10.1016/S1474-4422(15)70016-5
https://www.ncbi.nlm.nih.gov/pubmed/25792098
https://doi.org/10.1016/j.nbd.2009.11.004
https://www.ncbi.nlm.nih.gov/pubmed/19913097
https://doi.org/10.1016/j.brainresbull.2011.10.004
https://www.ncbi.nlm.nih.gov/pubmed/22024597
https://doi.org/10.1126/science.aag2590
https://www.ncbi.nlm.nih.gov/pubmed/27540165
https://doi.org/10.1002/embj.201386609
https://www.ncbi.nlm.nih.gov/pubmed/24357543
https://doi.org/10.1006/jtbi.2000.1068
https://doi.org/10.1006/jtbi.2000.1068
https://www.ncbi.nlm.nih.gov/pubmed/10704297
https://doi.org/10.1101/2025.07.31.667831
https://doi.org/10.1038/ncb954
https://doi.org/10.1038/ncb954
https://www.ncbi.nlm.nih.gov/pubmed/12629549
https://doi.org/10.1038/ncb1497
https://doi.org/10.1038/ncb1497
https://www.ncbi.nlm.nih.gov/pubmed/17060902
https://doi.org/10.1126/science.1112304
https://doi.org/10.1126/science.1112304
https://www.ncbi.nlm.nih.gov/pubmed/16166516
https://doi.org/10.1016/j.tins.2009.08.002
https://www.ncbi.nlm.nih.gov/pubmed/19782411
https://doi.org/10.1016/S1474-4422(09)70299-6
https://doi.org/10.1016/S1474-4422(09)70299-6
https://www.ncbi.nlm.nih.gov/pubmed/20083042
https://doi.org/10.1016/j.neuron.2017.07.030
https://doi.org/10.1016/j.neuron.2017.07.030
https://www.ncbi.nlm.nih.gov/pubmed/28957666


20

2025. Vol 8

[33] Daneman R, Prat A. The blood-brain barrier. Cold 
Spring Harbor Perspectives in Biology. 2015; 7(1):a020412. 
[DOI:10.1101/cshperspect.a020412] [PMID] 

[34] Abbott NJ, Patabendige AA, Dolman DE, Yusof SR, Beg-
ley DJ. Structure and function of the blood-brain barrier. 
Neurobiology of Disease. 2010; 37(1):13-25. [DOI:10.1016/j.
nbd.2009.07.030] [PMID] 

[35] Profaci CP, Munji RN, Pulido RS, Daneman R. The blood-
brain barrier in health and disease: Important unanswered 
questions. The Journal of Experimental Medicine. 2020; 
217(4):e20190062. [DOI:10.1084/jem.20190062] [PMID] 

[36] Lecrux C, Hamel E. The neurovascular unit in brain func-
tion and disease. Acta Physiologica. 2011; 203(1):47-59. 
[DOI:10.1111/j.1748-1716.2011.02256.x] [PMID]

[37] Iadecola C. The pathobiology of vascular dementia. Neu-
ron. 2013; 80(4):844-66. [DOI:10.1016/j.neuron.2013.10.008] 
[PMID] 

[38] Abedrabbo M, Kazemian P, Connolly C, Leavitt BR. 
Emerging roles of microglia and neuroinflammation in 
Huntington's disease: From pathophysiology to clinical 
trials. Journal of Huntington's Disease. 2025; 14(3):241-57. 
[DOI:10.1177/18796397251330144] [PMID]

[39] Prinz M, Priller J. Microglia and brain macrophages in 
the molecular age: From origin to neuropsychiatric dis-
ease. Nature Reviews. Neuroscience. 2014; 15(5):300-12. 
[DOI:10.1038/nrn3722] [PMID]

[40] Orihuela R, McPherson CA, Harry GJ. Microglial M1/M2 
polarization and metabolic states. British Journal of Phar-
macology. 2016; 173(4):649-65. [DOI:10.1111/bph.13139] 
[PMID] 

[41] Tang Y, Le W. Differential Roles of M1 and M2 Microglia 
in Neurodegenerative Diseases. Molecular Neurobiol-
ogy. 2016; 53(2):1181-94. [DOI:10.1007/s12035-014-9070-5] 
[PMID]

[42] Paolicelli RC, Sierra A, Stevens B, Tremblay ME, Aguz-
zi A, Ajami B, et al. Microglia states and nomenclature: 
A field at its crossroads. Neuron. 2022; 110(21):3458-83. 
[DOI:10.1016/j.neuron.2022.10.020] [PMID] 

[43] Hammond TR, Dufort C, Dissing-Olesen L, Giera S, Young 
A, Wysoker A, et al. Single-cell RNA sequencing of mi-
croglia throughout the mouse lifespan and in the injured 
brain reveals complex cell-state changes. Immunity. 2019; 
50(1):253-71.e6. [DOI:10.1016/j.immuni.2018.11.004] [PMID] 

[44] Keren-Shaul H, Spinrad A, Weiner A, Matcovitch-Natan 
O, Dvir-Szternfeld R, Ulland TK, et al. A Unique Microglia 
Type Associated with Restricting Development of Alzhei-
mer's Disease. Cell. 2017; 169(7):1276-90.e17. [DOI:10.1016/j.
cell.2017.05.018] [PMID]

[45] Deczkowska A, Keren-Shaul H, Weiner A, Colonna M, 
Schwartz M, Amit I. Disease-associated microglia: A uni-
versal immune sensor of neurodegeneration. Cell. 2018; 
173(5):1073-81. [DOI:10.1016/j.cell.2018.05.003] [PMID]

[46] Kaur S, K M, Sharma A, Giridharan VV, Dandekar MP. 
Brain resident microglia in Alzheimer's disease: Foe or 
friends. Inflammopharmacology. 2024; 32(5):2781-800. 
[DOI:10.1007/s10787-024-01550-8] [PMID]

[47] Olah M, Menon V, Habib N, Taga MF, Ma Y, Yung CJ, et al. 
Single cell RNA sequencing of human microglia uncovers 
a subset associated with Alzheimer’s disease. Nature Com-
munications. 2020; 11(1):6129. [DOI:10.1002/alz.038589]

[48] Pettas S, Karagianni K, Kanata E, Chatziefstathiou A, Chris-
toudia N, Xanthopoulos K, et al. Profiling microglia through 
single-cell RNA sequencing over the course of development, 
aging, and disease. Cells. 2022; 11(15):2383. [DOI:10.3390/
cells11152383] [PMID] 

[49] Cuní-López C, Stewart R, Quek H, White AR. Recent ad-
vances in microglia modelling to address translational 
outcomes in neurodegenerative diseases. Cells. 2022; 
11(10):1662. [DOI:10.3390/cells11101662] [PMID] 

[50] Thrupp N, Frigerio CS, Wolfs L, Skene NG, Fattorelli 
N, Poovathingal S, et al. Single-nucleus RNA-seq is not 
suitable for detection of microglial activation genes in hu-
mans. Cell Reports. 2020; 32(13):108189. [DOI:10.1016/j.cel-
rep.2020.108189] 

[51] Farina S, Voorsluijs V, Fixemer S, Bouvier DS, Claus S, El-
lisman MH, et al. Mechanistic multiscale modelling of en-
ergy metabolism in human astrocytes reveals the impact of 
morphology changes in Alzheimer's Disease. PLoS Compu-
tational Biology. 2023; 19(9):e1011464. [DOI:10.1371/journal.
pcbi.1011464] [PMID] 

[52] Liddelow SA, Guttenplan KA, Clarke LE, Bennett FC, 
Bohlen CJ, Schirmer L, et al. Neurotoxic reactive astro-
cytes are induced by activated microglia. Nature. 2017; 
541(7638):481-7. [DOI:10.1038/nature21029] [PMID] 

[53] Vainchtein ID, Molofsky AV. Astrocytes and microglia: 
In sickness and in health. Trends in Neurosciences. 2020; 
43(3):144-54. [DOI:10.1016/j.tins.2020.01.003] [PMID] 

[54] Venegas C, Heneka MT. Danger-associated molecular pat-
terns in Alzheimer's disease. Journal of Leukocyte Biology. 
2017; 101(1):87-98. [DOI:10.1189/jlb.3MR0416-204R] [PMID]

[55] Trainor AR, MacDonald DS, Penney J. Microglia: Roles and 
genetic risk in Parkinson's disease. Frontiers in Neurosci-
ence. 2024; 18:1506358. [DOI:10.3389/fnins.2024.1506358] 
[PMID] 

[56] Gundersen V, Storm-Mathisen J, Bergersen LH. Neuroglial 
Transmission. Physiological Reviews. 2015; 95(3):695-726. 
[DOI:10.1152/physrev.00024.2014] [PMID]

[57] Frank-Cannon TC, Alto LT, McAlpine FE, Tansey MG. 
Does neuroinflammation fan the flame in neurodegen-
erative diseases? Molecular Neurodegeneration. 2009; 4:47. 
[DOI:10.1186/1750-1326-4-47] [PMID] 

[58] Turner MD, Nedjai B, Hurst T, Pennington DJ. Cytokines 
and chemokines: At the crossroads of cell signalling and 
inflammatory disease. Biochimica et Biophysica Acta. 
2014; 1843(11):2563-82. [DOI:10.1016/j.bbamcr.2014.05.014] 
[PMID]

[59] Brenner D, Blaser H, Mak TW. Regulation of tumour necro-
sis factor signalling: Live or let die. Nature Reviews. Immu-
nology. 2015; 15(6):362-74. [DOI:10.1038/nri3834] [PMID]

[60] Saraiva M, O'Garra A. The regulation of IL-10 produc-
tion by immune cells. Nature Reviews. Immunology. 2010; 
10(3):170-81. [DOI:10.1038/nri2711] [PMID] 

http://immunoreg.shahed.ac.ir/
https://doi.org/10.1101/cshperspect.a020412
https://www.ncbi.nlm.nih.gov/pubmed/25561720
https://doi.org/10.1016/j.nbd.2009.07.030
https://doi.org/10.1016/j.nbd.2009.07.030
https://www.ncbi.nlm.nih.gov/pubmed/19664713
https://doi.org/10.1084/jem.20190062
https://www.ncbi.nlm.nih.gov/pubmed/32211826
https://doi.org/10.1111/j.1748-1716.2011.02256.x
https://www.ncbi.nlm.nih.gov/pubmed/21272266
https://doi.org/10.1016/j.neuron.2013.10.008
https://www.ncbi.nlm.nih.gov/pubmed/24267647
https://doi.org/10.1177/18796397251330144
https://www.ncbi.nlm.nih.gov/pubmed/40152279
https://doi.org/10.1038/nrn3722
https://www.ncbi.nlm.nih.gov/pubmed/24713688
https://doi.org/10.1111/bph.13139
https://www.ncbi.nlm.nih.gov/pubmed/25800044
https://doi.org/10.1007/s12035-014-9070-5
https://www.ncbi.nlm.nih.gov/pubmed/25598354
https://doi.org/10.1016/j.neuron.2022.10.020
https://www.ncbi.nlm.nih.gov/pubmed/36327895
https://doi.org/10.1016/j.immuni.2018.11.004
https://www.ncbi.nlm.nih.gov/pubmed/30471926
https://doi.org/10.1016/j.cell.2017.05.018
https://doi.org/10.1016/j.cell.2017.05.018
https://www.ncbi.nlm.nih.gov/pubmed/28602351
https://doi.org/10.1016/j.cell.2018.05.003
https://www.ncbi.nlm.nih.gov/pubmed/29775591
https://doi.org/10.1007/s10787-024-01550-8
https://www.ncbi.nlm.nih.gov/pubmed/39167311
https://doi.org/10.1002/alz.038589
https://doi.org/10.3390/cells11152383
https://doi.org/10.3390/cells11152383
https://www.ncbi.nlm.nih.gov/pubmed/35954228
https://doi.org/10.3390/cells11101662
https://www.ncbi.nlm.nih.gov/pubmed/35626698
https://doi.org/10.1016/j.celrep.2020.108189
https://doi.org/10.1016/j.celrep.2020.108189
https://doi.org/10.1371/journal.pcbi.1011464
https://doi.org/10.1371/journal.pcbi.1011464
https://www.ncbi.nlm.nih.gov/pubmed/37729344
https://doi.org/10.1038/nature21029
https://www.ncbi.nlm.nih.gov/pubmed/28099414
https://doi.org/10.1016/j.tins.2020.01.003
https://www.ncbi.nlm.nih.gov/pubmed/32044129
https://doi.org/10.1189/jlb.3MR0416-204R
https://www.ncbi.nlm.nih.gov/pubmed/28049142
https://doi.org/10.3389/fnins.2024.1506358
https://www.ncbi.nlm.nih.gov/pubmed/39554849
https://doi.org/10.1152/physrev.00024.2014
https://www.ncbi.nlm.nih.gov/pubmed/26084688
https://doi.org/10.1186/1750-1326-4-47
https://www.ncbi.nlm.nih.gov/pubmed/19917131
https://doi.org/10.1016/j.bbamcr.2014.05.014
https://www.ncbi.nlm.nih.gov/pubmed/24892271
https://doi.org/10.1038/nri3834
https://www.ncbi.nlm.nih.gov/pubmed/26008591
https://doi.org/10.1038/nri2711
https://www.ncbi.nlm.nih.gov/pubmed/20154735


21

2025. Vol 8

[61] Sanjabi S, Oh SA, Li MO. Regulation of the immune re-
sponse by TGF-β: From conception to autoimmunity and 
infection. Cold Spring Harbor Perspectives in Biology. 2017; 
9(6):a022236. [DOI:10.1101/cshperspect.a022236] [PMID] 

[62] Anderson WD, Makadia HK, Greenhalgh AD, Schwaber 
JS, David S, Vadigepalli R. Computational modeling of cy-
tokine signaling in microglia. Molecular Biosystems. 2015; 
11(12):3332-46. [DOI:10.1039/C5MB00488H] [PMID] 

[63] Ferrell JE Jr. Perfect and near-perfect adaptation in cell 
signaling. Cell Systems. 2016; 2(2):62-7. [DOI:10.1016/j.
cels.2016.02.006] [PMID]

[64] Chen KC, Csikasz-Nagy A, Gyorffy B, Val J, Novak B, 
Tyson JJ. Kinetic analysis of a molecular model of the bud-
ding yeast cell cycle. Molecular Biology of the Cell. 2000; 
11(1):369-91. [DOI:10.1091/mbc.11.1.369] [PMID] 

[65] Ferrell JE Jr, Machleder EM. The biochemical basis of an all-
or-none cell fate switch in Xenopus oocytes. Science. 1998; 
280(5365):895-8. [DOI:10.1126/science.280.5365.895] [PMID]

[66] Sadeghdoust M, Das A, Kaushik DK. Fueling neurodegen-
eration: Metabolic insights into microglia functions. Jour-
nal of Neuroinflammation. 2024; 21(1):300. [DOI:10.1186/
s12974-024-03296-0] [PMID] 

[67] Puri IK, Li L. Mathematical modeling for the pathogen-
esis of Alzheimer's disease. Plos One. 2010; 5(12):e15176. 
[DOI:10.1371/journal.pone.0015176] [PMID] 

[68] Samant RR, Standaert DG, Harms AS. The emerging 
role of disease-associated microglia in Parkinson's dis-
ease. Frontiers in Cellular Neuroscience. 2024; 18:1476461. 
[DOI:10.3389/fncel.2024.1476461] [PMID] 

[69] Murray JD. Mathematical Biology. Interdisciplinary Ap-
plied Mathematics. New York: Springer; 2003. [DOI:10.1007/
b98869]

[70] Keller EF, Segel LA. Model for chemotaxis. Journal of 
Theoretical Biology. 1971; 30(2):225-34. [DOI:10.1016/0022-
5193(71)90050-6] [PMID]

[71] Painter KJ. Mathematical models for chemotaxis and 
their applications in self-organisation phenomena. Journal 
of Theoretical Biology. 2019; 481:162-82. [DOI:10.1016/j.
jtbi.2018.06.019] [PMID]

[72] Turing AM. The chemical basis of morphogenesis. Philo-
sophical Transactions B. 1952; 237(641):37-72. [DOI:10.1098/
rstb.1952.0012] 

[73] Gu N, Makashova O, Laporte C, Chen CQ, Li B, Chevillard 
PM, et al. Microglia regulate neuronal activity via structural 
remodeling of astrocytes. Neuron. 2025; 113(20):3408-23.e5. 
[DOI:10.1016/j.neuron.2025.07.024] [PMID]

[74] Lombardo MC, Barresi R, Bilotta E, Gargano F, Pantano P, 
Sammartino M. Demyelination patterns in a mathematical 
model of multiple sclerosis. Journal of Mathematical Biol-
ogy. 2017; 75(2):373-417. [DOI:10.1007/s00285-016-1087-0] 
[PMID]

[75] Khonsari RH, Calvez V. The origins of concentric demyeli-
nation: Self-organization in the human brain. Plos One. 2007; 
2(1):e150. [DOI:10.1371/journal.pone.0000150] [PMID] 

[76] Tuch DS, Reese TG, Wiegell MR, Makris N, Belliveau JW, 
Wedeen VJ. High angular resolution diffusion imaging re-

veals intravoxel white matter fiber heterogeneity. Magnetic 
Resonance in Medicine. 2002; 48(4):577-82. [DOI:10.1002/
mrm.10268] [PMID]

[77] Weathered C, Bardehle S, Yoon C, Kumar N, Leyns CEG, 
Kennedy ME, et al. Microglial roles in Alzheimer's disease: 
An agent-based model to elucidate microglial spatiotem-
poral response to beta-amyloid. CPT. 2024; 13(3):449-63. 
[DOI:10.1002/psp4.13095] [PMID] 

[78] Ty C, Case A, Mezzulo E, Penland A, Larripa K. An agent-
based model of microglia and neuron interaction: Implica-
tions in neurodegenerative disease. Spora: A Journal of 
Biomathematics. 2025; 11(1):20-35. [DOI:10.61403/2473-
5493.1097]

[79] Raj A, Kuceyeski A, Weiner M. A network diffusion 
model of disease progression in dementia. Neuron. 2012; 
73(6):1204-15. [DOI:10.1016/j.neuron.2011.12.040] [PMID] 

[80] Brettschneider J, Del Tredici K, Lee VM, Trojanowski JQ. 
Spreading of pathology in neurodegenerative diseases: A fo-
cus on human studies. Nature Reviews. Neuroscience. 2015; 
16(2):109-20. [DOI:10.1038/nrn3887] [PMID] 

[81] Bonabeau E. Agent-based modeling: Methods and tech-
niques for simulating human systems. Proceedings of the 
National Academy of Sciences of the United States of Amer-
ica. 2002; 99(Suppl 3):7280-7. [DOI:10.1073/pnas.082080899] 
[PMID] 

[82] An G. Agent-based computer simulation and sirs: Build-
ing a bridge between basic science and clinical trials. Shock. 
2001; 16(4):266-73. [DOI:10.1097/00024382-200116040-
00006] [PMID]

[83] Jamali Y. Modeling the immune system through agent-
based modeling: A mini-review. Immunoregulation. 2024; 
6(1):3-12. [DOI:10.32598/Immunoregulation.6.1.7]

[84] Grimm V, Revilla E, Berger U, Jeltsch F, Mooij WM, Rails-
back SF, et al. Pattern-oriented modeling of agent-based 
complex systems: Lessons from ecology. Science. 2005; 
310(5750):987-91. [DOI:10.1126/science.1116681] [PMID]

[85] Holmes BB, Weigel TK, Chung JM, Kaufman SK, Apresa 
BI, Byrnes JR, et al. β-Amyloid induces microglial expres-
sion of GPC4 and APOE leading to increased neuronal tau 
pathology and toxicity. Mol Neurodegener. 2025; 20(1):96. 
[DOI:10.1186/s13024-025-00883-4] [PMID] 

[86] Condello C, Yuan P, Schain A, Grutzendler J. Microglia 
constitute a barrier that prevents neurotoxic protofibrillar 
Aβ42 hotspots around plaques. Nature Communications. 
2015; 6:6176. [DOI:10.1038/ncomms7176] [PMID] 

[87] Azmal M, Paul JK, Prima FS, Haque ANMSNB, Meem M, 
Ghosh A. Microglial dysfunction in Alzheimer's disease: 
Mechanisms, emerging therapies, and future directions. 
Experimental Neurology. 2025; 392:115374. [DOI:10.1016/j.
expneurol.2025.115374] [PMID]

[88] Raj A, LoCastro E, Kuceyeski A, Tosun D, Relkin N, 
Weiner M; et al. Network diffusion model of progression 
predicts longitudinal patterns of atrophy and metabolism 
in alzheimer's disease. Cell Reports. 2015; 10(3):359-69. 
[DOI:10.1016/j.celrep.2014.12.034] [PMID] 

[89] Lee SH, Bae EJ, Park SJ, Lee SJ. Microglia-driven inflamma-
tion induces progressive tauopathies and synucleinopathies. 

http://immunoreg.shahed.ac.ir/
https://doi.org/10.1101/cshperspect.a022236
https://www.ncbi.nlm.nih.gov/pubmed/28108486
https://doi.org/10.1039/C5MB00488H
https://www.ncbi.nlm.nih.gov/pubmed/26440115
https://doi.org/10.1016/j.cels.2016.02.006
https://doi.org/10.1016/j.cels.2016.02.006
https://www.ncbi.nlm.nih.gov/pubmed/27135159
https://doi.org/10.1091/mbc.11.1.369
https://www.ncbi.nlm.nih.gov/pubmed/10637314
https://doi.org/10.1126/science.280.5365.895
https://www.ncbi.nlm.nih.gov/pubmed/9572732
https://doi.org/10.1186/s12974-024-03296-0
https://doi.org/10.1186/s12974-024-03296-0
https://www.ncbi.nlm.nih.gov/pubmed/39551788
https://doi.org/10.1371/journal.pone.0015176
https://www.ncbi.nlm.nih.gov/pubmed/21179474
https://doi.org/10.3389/fncel.2024.1476461
https://www.ncbi.nlm.nih.gov/pubmed/39564189
https://doi.org/10.1007/b98869
https://doi.org/10.1007/b98869
https://doi.org/10.1016/0022-5193(71)90050-6
https://doi.org/10.1016/0022-5193(71)90050-6
https://www.ncbi.nlm.nih.gov/pubmed/4926701
https://doi.org/10.1016/j.jtbi.2018.06.019
https://doi.org/10.1016/j.jtbi.2018.06.019
https://www.ncbi.nlm.nih.gov/pubmed/29944856
https://doi.org/10.1098/rstb.1952.0012
https://doi.org/10.1098/rstb.1952.0012
https://doi.org/10.1016/j.neuron.2025.07.024
https://www.ncbi.nlm.nih.gov/pubmed/40834861
https://doi.org/10.1007/s00285-016-1087-0
https://www.ncbi.nlm.nih.gov/pubmed/28039494
https://doi.org/10.1371/journal.pone.0000150
https://www.ncbi.nlm.nih.gov/pubmed/17225855
https://doi.org/10.1002/mrm.10268
https://doi.org/10.1002/mrm.10268
https://www.ncbi.nlm.nih.gov/pubmed/12353272
https://doi.org/10.1002/psp4.13095
https://www.ncbi.nlm.nih.gov/pubmed/38078626
https://doi.org/10.61403/2473-5493.1097
https://doi.org/10.61403/2473-5493.1097
https://doi.org/10.1016/j.neuron.2011.12.040
https://www.ncbi.nlm.nih.gov/pubmed/22445347
https://doi.org/10.1038/nrn3887
https://www.ncbi.nlm.nih.gov/pubmed/25588378
https://doi.org/10.1073/pnas.082080899
https://www.ncbi.nlm.nih.gov/pubmed/12011407
https://doi.org/10.1097/00024382-200116040-00006
https://doi.org/10.1097/00024382-200116040-00006
https://www.ncbi.nlm.nih.gov/pubmed/11580108
https://doi.org/10.32598/Immunoregulation.6.1.7
https://doi.org/10.1126/science.1116681
https://www.ncbi.nlm.nih.gov/pubmed/16284171
https://doi.org/10.1186/s13024-025-00883-4
https://www.ncbi.nlm.nih.gov/pubmed/40883746
https://doi.org/10.1038/ncomms7176
https://www.ncbi.nlm.nih.gov/pubmed/25630253
https://doi.org/10.1016/j.expneurol.2025.115374
https://doi.org/10.1016/j.expneurol.2025.115374
https://www.ncbi.nlm.nih.gov/pubmed/40651688
https://doi.org/10.1016/j.celrep.2014.12.034
https://www.ncbi.nlm.nih.gov/pubmed/25600871


22

2025. Vol 8

Experimental & Molecular Medicine. 2025; 57(5):1017-31. 
[DOI:10.1038/s12276-025-01450-z] [PMID] 

[90] Saez-Rodriguez J, Simeoni L, Lindquist JA, Hemenway 
R, Bommhardt U, Arndt B, et al. A logical model provides 
insights into T cell receptor signaling. PLoS Computational 
Biology. 2007; 3(8):e163. [DOI:10.1371/journal.pcbi.0030163] 
[PMID] 

[91] Giacomantonio CE, Goodhill GJ. A Boolean model of the 
gene regulatory network underlying Mammalian corti-
cal area development. PLoS Computational Biology. 2010; 
6(9):e1000936. [DOI:10.1371/journal.pcbi.1000936] [PMID] 

[92] Huang S. Reprogramming cell fates: reconciling rarity with 
robustness. Bioessays. 2009; 31(5):546-60. [DOI:10.1002/
bies.200800189] [PMID]

[93] Dhaliwal I, Sandell R, Raj A. A joint tau propagation and 
neuroinflammation model reinforces inflammatory modu-
lation of network-driven spread in alzheimer's disease. bi-
oRxiv. 2026 [Unpublished]. [DOI:10.64898/2026.01.07.6982
14]

[94] Gutenkunst RN, Waterfall JJ, Casey FP, Brown KS, Myers 
CR, Sethna JP. Universally sloppy parameter sensitivities in 
systems biology models. PLos computational biology. 2007; 
3(10):1871-78. [DOI:10.1371/journal.pcbi.0030189] [PMID] 

[95] Tyson JJ, Chen KC, Novak B. Sniffers, buzzers, toggles and 
blinkers: Dynamics of regulatory and signaling pathways in 
the cell. Current Opinion in Cell Biology. 2003; 15(2):221-31. 
[DOI:10.1016/S0955-0674(03)00017-6] [PMID] 

[96] Daniels BC, Chen YJ, Sethna JP, Gutenkunst RN, Myers 
CR. Sloppiness, robustness, and evolvability in systems biol-
ogy. Current Opinion in Biotechnology. 2008; 19(4):389-95. 
[DOI:10.1016/j.copbio.2008.06.008] [PMID]

[97] Heppner FL, Ransohoff RM, Becher B. Immune attack: the 
role of inflammation in Alzheimer disease. Nature Reviews. 
Neuroscience. 2015; 16(6):358-72. [DOI:10.1038/nrn3880] 
[PMID] 

[98] Cohen SI, Linse S, Luheshi LM, Hellstrand E, White DA, 
Rajah L, et al. Proliferation of amyloid-β42 aggregates oc-
curs through a secondary nucleation mechanism. Proceed-
ings of the National Academy of Sciences of the United 
States of America. 2013; 110(24):9758-63. [DOI:10.1073/
pnas.1218402110] [PMID] 

[99] Meisl G, Yang X, Hellstrand E, Frohm B, Kirkegaard JB, 
Cohen SI, et al. Differences in nucleation behavior underlie 
the contrasting aggregation kinetics of the Aβ40 and Aβ42 
peptides. Proceedings of the National Academy of Sci-
ences of the United States of America. 2014; 111(26):9384-9. 
[DOI:10.1073/pnas.1401564111] [PMID] 

[100] Codolo G, Plotegher N, Pozzobon T, Brucale M, Tessari I, 
Bubacco L, et al. Triggering of inflammasome by aggregated 
α-synuclein, an inflammatory response in synucleinopa-
thies. PLoS One. 2013; 8(1):e55375. [DOI:10.1371/journal.
pone.0055375] [PMID] 

[101] Braak H, Del Tredici K, Rüb U, de Vos RA, Jansen Steur 
EN, Braak E. Staging of brain pathology related to sporadic 
Parkinson's disease. Neurobiology of Aging. 2003; 24(2):197-
211. [DOI:10.1016/S0197-4580(02)00065-9] [PMID]

[102] Stocchetti N, Maas AI. Traumatic intracranial hyper-
tension. The New England Journal of Medicine. 2014; 
370(22):2121-30. [DOI:10.1056/NEJMra1208708] [PMID]

Jamali Y. Computational Neuroimmunology in Neurodegenerative Diseases. Immunoregulation. 2025; 8:E23.

http://immunoreg.shahed.ac.ir/
https://doi.org/10.1038/s12276-025-01450-z
https://www.ncbi.nlm.nih.gov/pubmed/40307569
https://doi.org/10.1371/journal.pcbi.0030163
https://www.ncbi.nlm.nih.gov/pubmed/17722974
https://doi.org/10.1371/journal.pcbi.1000936
https://www.ncbi.nlm.nih.gov/pubmed/20862356
https://doi.org/10.1002/bies.200800189
https://doi.org/10.1002/bies.200800189
https://www.ncbi.nlm.nih.gov/pubmed/19319911
https://doi.org/10.64898/2026.01.07.698214
https://doi.org/10.64898/2026.01.07.698214
https://doi.org/10.1371/journal.pcbi.0030189
https://www.ncbi.nlm.nih.gov/pubmed/17922568
https://doi.org/10.1016/S0955-0674(03)00017-6
https://www.ncbi.nlm.nih.gov/pubmed/12648679
https://doi.org/10.1016/j.copbio.2008.06.008
https://www.ncbi.nlm.nih.gov/pubmed/18620054
https://doi.org/10.1038/nrn3880
https://www.ncbi.nlm.nih.gov/pubmed/25991443
https://doi.org/10.1073/pnas.1218402110
https://doi.org/10.1073/pnas.1218402110
https://www.ncbi.nlm.nih.gov/pubmed/23703910
https://doi.org/10.1073/pnas.1401564111
https://www.ncbi.nlm.nih.gov/pubmed/24938782
https://doi.org/10.1371/journal.pone.0055375
https://doi.org/10.1371/journal.pone.0055375
https://www.ncbi.nlm.nih.gov/pubmed/23383169
https://doi.org/10.1016/S0197-4580(02)00065-9
https://www.ncbi.nlm.nih.gov/pubmed/12498954
https://doi.org/10.1056/NEJMra1208708
https://www.ncbi.nlm.nih.gov/pubmed/24869722

