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Introduction

Macrophages are a class of innate immune cells that play
essential roles in the progression and resolution of
inflammatory responses, which are key to a variety of major
human diseases. The concept of differential macrophage
polarization and phenotypes can be described in terms of the
activation of different signaling pathways and transcription
factors, together with the expression and secretion of a set of
markers and cytokines':2. The canonically activated
macrophages (M1) and the alternatively activated
macrophages (M2) represent the extremes of the total
macrophage polarization spectrum, while in physiology and
pathology most macrophages display “M1-like” or “M2-like”
phenotypes. M1 (or M1-like) phenotypes are often induced by
pro-inflammatory cytokines as well as certain pathogen- and
damage-associated molecular patterns and are typically
characterized by their antibacterial and antitumor functions,
along with the high production of various pro-inflammatory
cytokines as well as reactive nitrogen and oxygen species. On
the other hand, cytokines such as IL-4/IL-13, IL-10 and TGF-8
will contribute to M2 (or M2-like), anti-inflammatory phenotypes
which are broadly involved in immunosuppression,
angiogenesis, and tissue repair23.

The continuum hypothesis which suggests a wide spectrum of
macrophage activation and functional states, instead of the
dichotomous M1-M2 notion, has been recently proposed to
describe the dynamical shaping of macrophage polarization
given the large number of signaling and regulatory pathways
and the many sequential autocrine and induction mechanisms
involved®. To address this complexity at the cell and tissue
levels, systems biology modeling approaches which allow
investigation of both the complex multi-modal signal
transduction and cross-talks as well as the temporal expression
of phenotypic cytokines, markers and cell-cell communications
are key to the integrative understanding of macrophage
polarization and functions in health and disease.

Methods

Here we develop the first set of mechanism-based, multi-
pathway computational models (Fig.1) that quantitatively
describe the integrated signal transduction and macrophage
programming under various M1, M2 (IL-1B, TNFa, IFN-y, IL-4,
IL-10, VEGFA) and stress (hypoxia) stimulation at the cell-level.
We use a two-step approach by first building a proof-of-concept
(step-1) model with three representative pathways derived from
the M1-M2 spectrum, and then we further expand the step-1
model with additional signaling mechanisms and pathways of
high importance in human diseases (e.g. cancer, peripheral
arterial disease) to collectively form a more advanced (step-2)
model. In addition, we explore two multi-scale scenarios that
would enable incorporation of our cell-level macrophage
models into mechanistic disease models to computationally
characterize disease progression at tissue and patient levels.
The overall processes of model formulation, calibration,
simulation and analyses are implemented using the MATLAB
SimBiology Toolbox (MathWorks, Natick, MA). The stiff solver
ode15s method provided in MATLAB is used for model
simulations. Sensitivity analysis are carried out using the Partial
Rank Correlation Coefficient (PRCC) method?; uncertainty
quantifications are evaluated using bootstrapping.
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Figure 1 (top): Schematic overview of the (A) step-1 and (B) step-2 computational models that were

developed to characterize macrophage polarization at the cell-level.
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Results and Next Steps

The step-1 model (Fig.1A) consisting of three major pathways
was formulated to reproduce experimental time-course
observations relating to different macrophage phenotype
perturbations (e.g. 70+ datasets), and it has suggested novel
insights regarding the hierarchical and temporal control of M1-M2
features through an integrative analysis of direct cytokine
signaling, hypoxic response, transcriptional/post-transcriptional
regulation, and autocrine feedbacks (Figs.2 and 3)¢. Using the
step-1 model as a basis, we are currently finalizing our step-2
model (Fig.1B) which includes 4 additional pathways and is
calibrated against 150+ sets of quantitative experimental data
derived from macrophages (Fig.3), plus original data obtained
specifically for this project from our collaborators at Augusta
University. For next steps, we have also started the formulation of
a tissue-level model of ischemia that considers endothelium-
muscle-macrophage communications (Fig.4A), as well as the
integration of macrophage signaling as a module into a QSP
platform of immuno-oncology developed by our lab’ (Fig.4B).
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Summary

Our computational models are calibrated extensively against
experimental data, and by using these models we mechanistically
elucidated a number of signature feedbacks behind the M1-M2
antagonism and investigated the dynamical shaping of
macrophage phenotypes spanning the M1-M2 spectrum. Model
sensitivity analysis also revealed key molecular nodes and
interactions as targets with potential therapeutic values for the
pathophysiology of peripheral arterial disease and cancer. In
addition, we are also in the process of designing and
implementing computational strategies that further incorporate our
cell-level macrophage models into mechanistic tissue-level
models of ischemia as well as patient-level immuno-oncology
simulation platforms. In summary, through simulations that
dynamically capture the signal integration and phenotypic marker
expression in the differential macrophage polarization responses,
we believe that our data-driven models can provide an important
computational basis toward a more quantitative and network-
centric understanding of the complex physiology and versatile
functions of macrophages in human diseases.
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