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General Introduction
Imagine a primitive animal, one that is perhaps the predecessor of all
humans. This animal has, thus far, lived a fruitful long life by depending on
a primary defense mechanism that is capable of defending itself
effectively against foreign substances that dare attack it. It does so by
releasing tons of chemicals and proteins, or setting forth a battalion of
phagocytotic cells aimed at wiping out pathogens1. If this defense wall
crumbles, it simply gets rid of the infected body part and regenerates a
new one 2.
Nevertheless, confronted with an ever-changing environment that is
conducive to breeding a plethora of toxins that can eradicate a line of
descent of organisms challenges the survival of the primitive animal. Its
rudimentary defense mechanism is blatantly inadequate. Faced with such
heavy burden and the need to ensure the survival of its own species, the
primitive animal goes down the line of evolution; developing a more
resilient, sophisticated, and intelligent defense system that provides a
lasting security; one that is highly specialized and delicately regulated and
does not attack its own tissues, putting itself at risk. We call this immunity.
It takes nature hundreds of thousands, or even millions of years to craft a
11
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sophisticated biological defense mechanism. This is done by preserving
beneficial attributes and building on existing defense mechanisms that are
both resilient and efficient, as well as discarding the least useful of them. What
is left after the selection we call the innate immunity. “Innate” simply because
it is coded in the germline; an intricate network of cells and molecules that has
been especially chosen and molded over evolutionary time and passed down
from one generation to another with only minor enhancements 3.
The human innate immune system (HIIS) is one of the two subsystems of the
human immune system – a biological defense system that is complex, yet
delicate network of highly specialized cells, tissues and organs that work
together to protect the body from potentially damaging or fatal threat. HIIS is
characterized as the body’s first line of defense against insult by augmenting
the protection that anatomical and physiological barriers offer. Speed is its
defining feature, generating an inflammatory response within minutes of
exposure to pathogens up until 4 hours. However, HIIS does not exhibit a
lasting protection that can be attributed to only providing a non-specific
protection. That is, HIIS is only capable of detecting the distinction between
the self and non-self, triggering an immune response against the antigen that
happens to exhibit this distinction.
While innate immunity has long been acknowledged, going all the way back to
1908 due to the winning efforts of Ilya Melnichnikov, it has been markedly
overshadowed by the high-impact discoveries on the adaptive immunity – the
second subsystem of the human immune response that provides a response
capable of manifesting immune memory, allowing it to prominently aid the
body for a more effective response to pathogens or toxins when encountered
the second time, or even decades after the initial encounter 4. Interestingly
however, the dogma that the innate immune response is nonspecific has been
challenged by new discoveries 5. According to more recent findings on what
HIIS is actually capable of, one thing is clear – HIIS now stands as a proud
partner of the adaptive immune system 6. HIIS is in fact emerging as a critical
regulator of human inflammatory disease 4.
12
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In light of the critical role that the human innate immune system plays in health
and disease, as it is after all the body’s first line of defense against foreign
invaders, this dissertation seeks to unravel the mechanisms of HIIS in
response to various stimuli that can jeopardize the organism’s survival. The
goal of this research is not only to understand how the human innate immune
system functions, that is how its various components interact with each other
and work together to neutralize inflammation via a well-orchestrated and wellregulated network of complex processes, but also to pinpoint under which
conditions the human innate immune system ceases to function, possibly
leading to the death of the organism.
The first step in understanding HIIS is developing a robust model of the human
innate immune system that predicts the dynamics of the following identified
key players: resting and activated macrophages, resting and activated
neutrophils, inflammation triggering moieties (ITMs), pro-inflammatory and
anti-inflammatory cytokines. More specifically, we investigate how HIIS reacts
to an insult that is so intense to the point that it invokes a systemic
inflammation such as that experienced by patients undergoing cardiac surgery
with bypass filter. Open-heart surgery with bypass filter invokes such a
vigorous response from HIIS because concentrations of ITMs are not only
heightened but also originate simultaneously from different sources in the
body. HIIS model has been calibrated and validated against clinical trials data
of patients undergoing cardiac surgery with bypass filter. A model of the
human innate immune response for systemic inflammation has never before
been published in literature at the time of writing of the article 7.
Despite being known for years for its neutralizing effect against ITMs 8, the
enzyme alkaline phosphatase, surprisingly, has never before been associated
with the human innate immune response. As a matter of fact, it was even
observed that there is a prominent induction of endogenous alkaline
phosphatase with continuous infusion of bovine Intestinal Alkaline
Phosphatase (bIAP) or supplemented AP on top of standard care protocol in
cardiac surgery patients 9. If the induction of AP in the bloodstream is indeed
13
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the body’s approach at assisting the innate immune response during systemic
inflammation, investigating how the rest of HIIS behaves in different AP
supplementation regimes would provide useful insights that medical
practitioners could actually use, with helping patients as the end result. In
Chapter 1, I present a complete model of the human innate immune system in
response to systemic inflammation that also incorporates an equation that
models the induction mechanism of alkaline phosphatase in cardiac surgery
patients infused with continuous concentration of bIAP. The results of the insilico experiments not only show that the infusion of alkaline phosphatase has
no detrimental effects on the body, it also assists the human innate immune
system by neutralizing the ITMs.
Neutrophils are one of the armies of immune cells that are mobilized first to
the site of inflammation in response to the signals relayed by messenger
proteins called pro-inflammatory cytokines. Pro-inflammatory cytokines,
which are produced by macrophages upon the phagocytosis of ITMs at the
site of inflammation, open up the endothelial barrier and recruit resting
neutrophils that are circulating in the bloodstream into the site of
inflammation, which is normally the tissue. Neutrophils are then activated
when they cross the endothelial barrier and proceed to neutralize inflammation
at the site of insult. After executing its functions, the neutrophils then go into a
programmed death called apoptosis. However, if the stimulus is too intense or
persistent, neutrophils take on a different death pathway called necrosis that
involves spilling all its contents into the surrounding tissue, thus further
aggravating inflammation. Paradoxical as it may seem, the risk of deliberately
aggravating the current level of inflammation induces, through several
processes, the recruitment of more neutrophils to the site of inflammation.
This delicate balance between apoptosis and necrosis in response to the scale
of insult can be regarded as the fine work of nature itself; carefully picking the
optimized balance between the cost (local tissue damage that necrosis inflicts
on surrounding tissue) as well as benefit (anti-inflammatory effect of
apoptosis) of picking either death pathway through the course of evolutionary
14
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time. In this line of work, I use a mathematical framework called evolutionary
game theory that is used as an application of the mathematical theory of
games to the context of evolving biological systems. Game theory was
originally developed for applications in economics 10 and was later on adapted
for applications in biology, resulting in the field of evolutionary game theory.
Just as evolution challenges strategies for their ability to ensure the survival of
the population, the results of the game shows how good the strategy really is
in terms of maximizing the so-called payoff or fitness of the individuals.
In Chapter 2, I take on an innovative and fresh approach in modeling the choice
of death pathways in neutrophils, that is, as far as I know, applied for the first
time on an essential aspect of the human innate immune response. By
utilizing the concept of evolutionary game theory in explaining the emergence
of apoptosis and necrosis with respect to different levels of insult, I present a
high-level take on a field that is by far immensely dominated by experimental,
clinical, and mechanistic modeling approaches. I regard the so-called
neutrophil entities (composed of a single neutrophil as well as the tissue it
occupies), as players of the game, and apoptosis and necrosis as their choice
of strategies. The players are then made to play the game and the resulting
percentage of apoptotic and necrotic population are validated against data. My
model of the choice of death pathway of neutrophils confirms the hypothesis
that indeed, neutrophils behave seemingly with the payoff of the entire
organism in mind. That is, as if these entities are controlled by a central system
that enables a single entity to “sense” the overall scale of insult before a
strategy is made. An interesting question surfaces: when does this so-called
global cooperation crumble? I explore the specific conditions when this central
system shifts into defection or non-cooperation by building on top of a
framework developed by Helbing and Yu 11 in 12. Here I show that non-strategic
or random migrations made by entities undermines the survival of the
organism. This in fact has been well-studied where it was confirmed that the
failure of neutrophils to migrate is commonly observed in a systemic
inflammatory response called sepsis 13,14.
15
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When the body’s first line of defense ceases to function, does HIIS exhibit
indicators prior to a shift in paradigm, nudging the state of the system from
health to disease, or at worst, to death? This is the central question I try to
answer in Chapter 3. To date, several dynamical systems have been shown to
exhibit these so-called critical transitions, where the systems exhibit significant
changes in the statistical properties of their measurements. These observed
deviations, as the system progresses towards a critical point, can potentially
serve as early warning signals prior to the system’s collapse, thereby
increasing the chance of prevention, or at the least stalling the incoming fiasco
minutes or even hours before it strikes. This phenomenon, however, has yet to
be investigated in the human innate immune system.
In order to approach this problem, I utilized the human innate immune system
model developed in Chapter 1 to generate virtual patients that serve as data. I
then designed various scenarios that could potentially lead to HIIS’ collapse,
which happens when HIIS is no longer capable of neutralizing the ITMs in the
system. With the use of well-known early warning signals (EWS) 15, I show that
critical transitions can be detected in concentrations of several key players in
the human innate immune system model (alkaline phosphatase and ITMs).
However, more data is needed to fully support this claim. This is because the
current version of the HIIS model was only calibrated against the median of
the population of patients going into cardiac surgery. Critical patients, or those
who died after surgery, might have demonstrated a slightly different dynamics
in their timeseries data, as suggested by the large variability in the clinical trials
dataset.
With this in mind, I further assess the capability of EWS in detecting critical
transitions on the clinical trials dataset that was used to calibrate and validate
the HIIS model. The dataset reveals that 3 out of 53 patients died after surgery.
Hence, the task here is clear: can EWS successfully segregate critical patients
from the non-critical ones? Results show that the blood parameter with the
highest F1 score (blood parameter where EWS is most successful in labeling
critical and non-critical patients) turn out to be platelet count. Coincidently, it
16
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was shown that platelet count is a significant indicator of post-surgery
bleeding 16. Bleeding can be considered a serious complication of surgery as it
may lead to morbidity and mortality, where severe bleeding occurs in
approximately 7% 17,18. Uncontrolled bleeding is in fact the cause of 30-40% of
trauma-related death in trauma patients 19.
This thesis aims to provide a solid foundation in understanding how the human
innate immune system works in the case of systemic inflammation with the
use of ordinary differential equations, evolutionary game theory, and early
warning signals. Indeed, there is so much more to be done, but I hope that this
thesis becomes a stepping stone to explore more of HIIS’ elaborate
mechanisms.

17
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Supplemented alkaline
phosphatase supports the
immune response in patients
undergoing cardiac surgery:
clinical and computational
evidence
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Sloot, P. M. A.
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Modeling the Human Innate
Immune Response for Systemic
Inflammation
Abstract
Alkaline phosphatase (AP) is an enzyme that exhibits anti-inflammatory
effects by dephosphorylating inflammation triggering moieties (ITMs) like
bacterial lipopolysaccharides and extracellular nucleotides. AP
administration aims to prevent and treat peri- and post-surgical ischemia
reperfusion injury in cardiothoracic surgery patients. Recent studies
reported that intravenous bolus administration and continuous infusion of
AP in patients undergoing coronary artery bypass grafting with cardiac valve
surgery induce an increased release of liver-type “tissue non-specific alkaline
phosphatase” (TNAP) into the bloodstream. The release of liver-type TNAP
into circulation could be the body's way of strengthening its defense against
a massive ischemic insult. However, the underlying mechanism behind the
induction of TNAP is still unclear. To obtain a deeper insight into the role of
AP during surgery, we developed a mathematical model of systemic
inflammation that clarifies the relation between supplemented AP and TNAP
This chapter is published as “Presbitero, A., Mancini, E., Brands, R., Krzhizhanovskaya, V. V. & Sloot, P. M. A. Supplemented Alkaline Phosphatase
Supports the Immune Response in Patients Undergoing Cardiac Surgery: Clinical and Computational Evidence. Front. Immunol. 9, 2342 (2018).”
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and describes a plausible induction mechanism of TNAP in patients
undergoing cardiothoracic surgery. The model was validated against clinical
data from patients treated with bovine Intestinal AP (bIAP treatment) or
without AP (placebo treatment), in addition to standard care procedures. We
performed additional in-silico experiments adding a secondary source of
ITMs after surgery, as observed in some patients with complications, and
predicted the response to different AP treatment regimens. Our results show
a strong protective effect of supplemented AP for patients with
complications. The model provides evidence of the existence of an induction
mechanism of liver-type tissue non-specific alkaline phosphatase, triggered
by the supplementation of AP in patients undergoing cardiac surgery. To the
best of our knowledge this is the first time that a quantitative and validated
numerical model of systemic inflammation under clinical treatment
conditions is presented.

Keywords: alkaline phosphatase, innate immune response, cardiac surgery,
ODE model, in-silico, clinical trial

This chapter is published as “Presbitero, A., Mancini, E., Brands, R., Krzhizhanovskaya, V. V. & Sloot, P. M. A. Supplemented Alkaline Phosphatase
Supports the Immune Response in Patients Undergoing Cardiac Surgery: Clinical and Computational Evidence. Front. Immunol. 9, 2342 (2018).”

20

Chapter 1 Modeling the Human Innate Immune Response for Systemic Inflammation

1.1.

Introduction

Alkaline Phosphatase (AP) is an enzyme originally known for its pivotal role
in skeletal mineralization 20 but also for its capability to reduce inflammation.
AP is in fact capable to reduce inflammation in animals by
dephosphorylating inflammation triggering moieties like bacterial
lipopolysaccharides (LPS) and extracellular nucleotides 21–28. In addition,
several studies demonstrated that AP has a key function in maintenance and
restoration of physiological barriers 29 in addition to this anti-inflammatory
role of AP. In fact, many, if not all of these barriers may become hyperpermeable and or dysfunctional during such systemic ischemic and
inflammation triggering insult. Extracellular nucleotides, like Adenosine
Triphosphate (ATP) and Adenosine Diphosphate (ADP), having pivotal
energy housekeeping functions, intracellularly act as ITM as soon they have
leaked out of cells exposed to ischemic insults 30–32. LPS, 33 a major
component of the Gram negative bacterial outer membrane that is
responsible for mediating septic shock 34. These inflammation triggering
moieties (ITMs) are pro-inflammatory signals that may start local and
systemic inflammatory responses in the innate immune system 35–37.
Clinical trials involving the parenteral administration of AP to patients with
severe sepsis, showed significant improvement in renal function 38,39.
Humans have four distinct AP isozymes: tissue-nonspecific AP
(liver/bone/kidney type AP), which is the most predominant circulating form
of isozyme, intestinal-, placental-type, and germ cell AP. The antiinflammatory effects of AP have been confirmed in settings with intestinal-,
placental- and liver-type AP.
Coronary artery bypass grafting (CABG) is one of the most common types
of open-heart surgery which very often triggers a systemic inflammatory
response, the clinical impact thereof is specific for the specific patient and
depends on multiple factors like age, underlying diseases and other
confounding factors. The average annual number of CABG procedures in
Western practice is about 62.2 per 100 000, ranging from 29.3 procedures
21
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in Spain to 135.4 procedures in Belgium 40. According to the Society of
Thoracic Surgeons National Database, CABG-mediated complications
contribute to 1.8% in-hospital and 2.2% operative mortalities, but caused
24% post-operative atrial fibrillation incidences in 151,474 patients in 2015
41
. We focus on the experiments by Kats et al., where we assume a systemic
insult due to the amounts of ITMs introduced and generated peri- and postcardiac surgery. Cardiac surgery invokes a vigorous systemic inflammatory
response where massive amounts of ITMs are simultaneously generated
from various sources in the body: a) CABG and valve surgery under CPB
(Cardio Pulmonary Bypass) induces sheer stress on blood cells damaging
them and releasing a massive amount of ITMs in the process, b) surgical
area where tissue is damaged locally, and c) reperfusion damage by
accumulated ITMs that have crossed the gut barrier during hypo-perfusion
and become systemically available upon re-circulation 42. The body thereby
deals with a massive amount of ITMs that enter the circulation and are
transported into the tissue via blood flow, and circulate in the blood stream
due to the effects of cardio pulmonary bypass grafting and reperfusion
injury.
De novo synthesis and release in circulation of AP induced by AP prophylaxis
could be the body’s way to improve its defense mechanism. A study in 2012
by Kats et al. 9 demonstrated that intravenous bolus administration and
continuous infusion of bovine intestinal Alkaline Phosphatase (bIAP,
bRESCAP, and APPIRED studies by Alloksys Life Sciences 26,28), in patients
undergoing CABG (with or without valve surgery) results in the release of
endogenous tissue non-specific AP (TNAP), most likely liver-type AP. This
release exhibits a unique feat that was not before observed in septic shock
patients 38. Induction of liver-type non-specific AP supports the idea that AP
contributes significantly to the immune response. Additional Phase III
clinical trials are currently on the way to confirm the beneficial effects of AP
previously reported in CABG and valve surgery.
If indeed excess AP or the release of additional liver-type TNAP is beneficial
to the clinical outcome of patients undergoing major surgeries as well as for
22
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individuals suffering from acute and chronic inflammation, then there is an
urgent need to develop computational models that can reproduce and
predict the dynamics of induced TNAP in circulation. The developed model
could then pave way to better understand when and more importantly how
much of this liver type TNAP is expressed and released back into circulation
through in-silico experiments. We develop a new model of systemic
inflammation based on existing models of the innate immune response to
acute inflammation 43–50, with the purpose of describing, and gaining further
insight on the dynamics of the innate immune system response through insilico experiments 51. We thereby report, to the best of our knowledge, the
first calibrated and validated mathematical model for systemic
inflammation.
The human innate immune system (HIIS) is the body’s first line of defense
to an infection or trauma. This is commonly manifested in the form of acute
inflammatory response, resulting from these and other oxidative stress
conditions 52. Numerous studies were reported aiming to understand the
acute inflammatory response based on the response of a single population
of white blood cells to invading pathogens 43–47. Unlike in previous models
that only deal with a general population of invading and invaded entities,
Dunster 48 distinguished between populations of white blood cells by
incorporating activated macrophages, activated, apoptotic and necrotic
neutrophil populations. More specific mathematical models of HIIS that
further distinguish white blood cells into distinct populations have also been
developed. For instance, Su et al, 49 used a system of partial differential
equations (PDE) that capture the spatial and temporal dynamics of the
innate and adaptive immune response via the following stages: recognition,
initiation, effector response and resolution of infection. This model of the
human innate immune response was adapted by Pigozzo et al., 50 who
focused on the dynamics of LPS, neutrophils, pro-inflammatory and antiinflammatory cytokines.
This paper focuses on how the concentrations of the innate immune
response components evolve over time. Partial differential equations (PDEs)
23
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provide ways to analyse both time and spatial dynamics of key aspects of
HIIS. Since we are modelling a systemic insult, where a massive amount of
ITMs are coming from various sources in the body and inflammation is not
confined to a specific tissue or organ, we can assume that these moieties
are present and distributed all throughout the organism. Thus, we regard the
“tissue” as representative of the entire body. Given this assumption, the role
of microscopic spatial effects for the dynamics of the system is negligible
and we use ordinary differential equations (ODEs) to describe the dynamics
of the immune response. However, we take into account spatial effects by
modelling various compartments (liver, blood stream and tissue) and the
transport of cells and molecules between them due to the inflammation in
blood and tissue. This compartmentalization of the organism allows us to
account for chemotaxis at a macroscopic level using the change in
permeability of the endothelium during the different stages of inflammation
to affect the transport of immune cells and molecules between blood and
tissue.
We therefore construct the HIIS model from 46, 49, and 50 by introducing the
following key differences: compartmentalization of the organism into liver,
blood and tissue; introduction of the dual pathway to neutrophils death,
necrosis being pro-inflammatory and apoptosis being anti-inflammatory;
introduction of the anti-inflammatory action of AP and of the mechanism of
AP induction; the dilution of cellular components in tissue typical of systemic
inflammatory responses as opposed to the increased concentration of
cellular components in a localized region typical of acute inflammatory
responses.

1.2.

Clinical Trial Data

Patients undergoing open-heart surgery were stratified according to a risk
assessment score system called EuroSCORE (Type 1). EuroSCORE is a risk
measure for severe complications (mortality) associated with this type of
surgery. In addition to standard care treatment, patients undergoing
cardiothoracic surgery were divided into two distinct categories based on
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the type of treatments they received: a) placebo treatment (physiological
buffer containing no AP) and b) bovine intestinal AP (bIAP) treatment in the
same buffer.
In the APPIRED I study patients with a 2 < EuroSCORE ≤ 6, were initially given
either placebo or 1000 IU of Bovine Intestinal AP (bIAP) followed by a
continuous infusion during 36 hours of either placebo (n=31, with mean
EuroSCORE = 3.7 +/- 1.4) or 5.6 IU per kg body weight per hour (total 9000
IU) (n=32, with mean EuroSCORE = 3.6 +/- 1.2).
In the APPIRED II study patients with a EuroSCORE of ≥ 5, were initially given
either placebo (n=25, with mean EuroSCORE 5.6 +/- 2.6) or 1000 IU of bIAP
followed by a continuous infusion during 8 hours (total 9,000 units) (n=27
with mean EuroSCORE 5.8 +/- 3.1) (total 9,000 units).
Where in APPIRED I, 63 patients underwent CABG only, in APPIRED II a total
of 52 patients were included that underwent CABG combined with valvular
surgery under CPB. This type of combined surgery is associated with an
increased risk.
Further details of the APPIRED clinical trials have been described by Kats et
al. 28. The induction of endogenous alkaline phosphatase in this trial was
described in 9. Primary endpoints were cytokine levels peri- and post- surgery
next to clinical outcome.
The APPIRED II data was used in Sections 1.5 and 1.7 to validate the model.
Data relative to APPIRED I was not used to validate the model due to the
limited number of data points relative to AP. However, the secondary peak
of ITMs observed in 16% of the patients in APPIRED I was used qualitatively
to investigate the case of patients with complications in APPIRED II by
adding a secondary source of ITMs in-silico in Section 1.8. This secondary
source of ITMs is relative to the documented median peak IL6 concentration
in septic shock patients in 53
Patients underwent CABG combined with valvular surgery. CABG pumps
(heart-lung machine) were used during the surgery. The operations were
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primary, therefore operated specifically for open heart surgery, and were
planned prior to the actual surgery, hence non-emergent. An intra-aortic
balloon pump was not used during the surgery, except for one patient who
exhibited cardiogenic shock with multi-organ failure. The surgery lasted for
an average of 4.7 ± 1.4 hours. The average perfusion time was 134 ± 40
minutes and average cross clamping time was 105 ± 40 minutes. Premedication such as relaxants, anaesthetics, antibiotics, and blood products
such as red blood cells or platelets were given prior and during the CABG
surgery. We summarize patients’ demographics, type and method of
cardioplegia used, and patients’ medical history in Table 1, Table 2, and
Table 3 of the Supporting Information respectively.
The data used was approved by the Ethics committee with IRB approval
number M09-1965. The set-up of the study as well as appropriate consent
procedures, have been reviewed and approved by the Institutional Review
Board (METC). The central Independent Ethics Committee of The
Netherlands (CCMO) has been informed. Approval from the METC of ZOL
Genk was obtained in 6. March, 2012. The Belgium Competent Authority
office: FAGG (Federaal Agentschap voor Geneesmiddelen en
Gezondheidsproducten) was informed about the METC approval to initiate
the study.

1.3. Biological Mechanisms of the Human Innate
Immune System and Model Description
The HIIS model is constructed based on the biological mechanisms that
occur in three separate compartments – blood, tissue and liver. The blood
and tissue are separated by the endothelial lining that acts as a modulated
barrier towards accessing blood circulation derived components like
immune cells. Models of acute inflammation commonly neglect the
dynamics of immune cells in the blood compartment under the assumption
that it plays a minor role on the dynamics of the innate immune response,
acting as a reservoir of immune cells. Systemic inflammation is
considerably different and it is characterized by a dilution of the immune
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cells in tissue caused by the delocalized inflammation. Additionally, AP is
known to act on ITM both in blood and in tissue. For this reason, it is crucial
to model both blood and tissue compartments to accurately capture the
dynamic of resolution of a systemic inflammatory response.

Blood Compartment
Upon a systemic insult cytokines are released by both tissue cells and
immune cells in tissue, with different rates. Cytokines then migrate first
toward the endothelial barrier, with which they interact changing its
permeability to recruit more immune cells into the inflamed tissue, and then
in part migrate into the bloodstream. Since we only have data about the
concentration of cytokines in blood, our model describes the dynamics of
cytokines (IL-6 and IL-10) in the bloodstream. The rates of cytokines
production used in our model represent the rate with which cytokines reach
the bloodstream after being secreted by macrophages and necrotic
neutrophils in tissue. These rates thus take into account not only the
secretion rate by each cell type in response to the inflammatory state
(presence of ITMs) but also of the mechanism of transport from tissue to
the bloodstream.
In our model we assume that AP is the only component of the immune
system that interacts with ITMs in the bloodstream, forming ITM-AP
complexes that are later removed in the liver by Kupffer cells. Similarly to
immune cells, the transport of AP and ITMs from the bloodstream into the
tissue is controlled by a permeability factor.

Tissue Compartment
The innate immune response triggered in tissue by invasive cardiac surgery
is shown in Fig 1. We assume that the presence of ITMs in tissue is mostly
due to the migration into the tissue of ITMs released in bulk in the circulation
through damaged blood cells and gut hypo-perfusion and later transported
via the bloodstream. ITMs in tissue are also due to local tissue damage
caused by the invasive surgery, but we consider this amount negligible
compared to the other two sources of ITMs. An inflammatory response is
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triggered as soon as ITMs activate resting macrophages (𝑀𝑀𝑅𝑅 ) leading them
to differentiate into “activated” macrophages residing in tissue (I). Activated
macrophages (𝑀𝑀𝐴𝐴 ) secrete pro-inflammatory cytokines (𝐶𝐶𝐶𝐶), which result
in increasing the permeability of the endothelial barrier (II) via a series of
intermediate stages. Consequently, resting neutrophils (𝑁𝑁𝑅𝑅 ) in circulation
are primed by circulating ITMs and then enter the tissue through the
endothelial barrier via a process called ‘diapedesis’ (III). In the context of the
computational model, resting neutrophils are only rendered active when they
enter the tissue through the endothelial barrier. Activated neutrophils (𝑁𝑁𝐴𝐴 )
phagocytose and/or release their granules to neutralize or antagonize
inflammation (IV). If the inflammation is cleared, the neutrophils go into
apoptosis or programmed death (V). Activated macrophages remove the
apoptotic neutrophils (𝑁𝑁𝑁𝑁𝐴𝐴 ) by phagocytosis and in the process induce an
anti-inflammatory effect as shown in Figure 1 by the green arrows (VI). If
inflammation is too intense and not resolved rapidly, the neutrophils go into
a necrotic (𝑁𝑁𝑁𝑁𝑁𝑁 ) state (designated by the red arrows in Figure 1), which
releases additional ITMs in the tissue (VII). The presence of yet another
batch of ITMs in the tissue induces ongoing inflammatory responses that
causes tissue damage, which in turn perpetuates overall inflammatory
response by macrophage activation and neutrophil influx into the local
inflamed tissue areas (VIII).
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Figure 1. Description of the innate immune response to inflammation. For details see the main text. This figure
is taken from 7.

Liver Compartment
At the onset of surgery, a very high concentration of ITMs is released in the
blood stream as a consequence of the damage to blood cells caused by the
cardiac surgery bypass. In response to this massive ITM insult the liver
releases all its stored AP (~5300 IU) into the bloodstream. After 2 – 4 hours
the liver is able to supply newly synthesized AP again 54,55. Endogenous AP
is naturally produced by the body and is highly expressed at physiological
barriers like the gut, placenta, lungs, kidney glomerulus and the blood-brain
barrier. Upon interaction with ITMs that are present in the bloodstream,
endogenous AP is released from the apical membrane of specific
physiological barriers expressing high levels of AP (like liver bile duct
membrane, blood brain barrier, kidney and gut) and brought into circulation
or gut lumen as ITM-AP conjugates. ITM-AP complexes are eventually
removed from circulation by the liver Kupffer cells 24. We assume that due
to its size AP can, under normal non-inflammatory conditions, enter the
29

Chapter 1 Modeling the Human Innate Immune Response for Systemic Inflammation

tissue through the endothelial barrier fenestrae. Intravenously administered
bovine AP (from here on noted as ‘bIAP treatment’) follows the same
mechanism as endogenous AP, where it enters the tissue and detoxifies
local ITMs through dephosphorylation. Note that the supplemented AP also
detoxifies circulating ITMs directly and is removed from circulation by the
Kupffer cells. In the case of an oxidative stress insult, such as that induced
by cardiac surgery, ITM-AP is removed from circulation by Kupffer cells 24.
This removal is observed in pre-clinical and clinical studies as a decrease in
AP concentration in plasma. This decrease serves as a “distress signal” for
the liver to release its stored AP at the bile ductal membrane barrier indirectly
into the bloodstream (Pike et al., 2013). The release of liver AP into
circulation implies that AP residing at blood- brain, kidney and gut-barriers
may also be released, compromising the integrity of these barriers. This may
result in clinical phenotypic conditions like kidney failure and cognitive
impairment observed upon major surgery. The hypothesis central to the AP
intervention is that by replenishing AP through either de novo synthesis or
supplementation during surgery, the impairments can be circumvented by
helping reduce the inflammation and preserving the integrity of such
barriers. De novo synthesis, in the strictest sense, refers to the general
production of an entity. In the context of our model, we use the term “de
novo” synthesis as the continuous production of AP by the liver.
Our HIIS model takes into account the following key mechanisms: a)
activation and inhibition of 𝑀𝑀𝑅𝑅 , b) changes in endothelial permeability, c)
phagocytosis of rest products of ITMs, d) phagocytosis of 𝑁𝑁𝑁𝑁𝐴𝐴 and 𝑁𝑁𝑁𝑁𝑁𝑁 , e)
release of ITMs from necrotic cells, f) natural death of immune cells and
degradation of molecular entities, g) production of 𝐶𝐶𝐶𝐶 and 𝐴𝐴𝐶𝐶𝐶𝐶 h), induction
of 𝐷𝐷, and finally i) delay in necrosis and cytokine production. The following
key mechanisms are used to model the dynamics of AP: a) release of
endogenous/stored AP from the liver bile canalicular membrane, b) de novo
synthesis of AP in the liver, and c) administration of bIAP into the
bloodstream. The model does not take into account the AP released from
other physiological barriers, since the amount of AP present on these is
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negligible compared to the AP released from the liver.

1.4.

Code Implementation and Repository

We used Python 3.6.5 on a 3.30 GHz Intel® Core™ i7-5820K CPU with 16.0
GB RAM in all our simulations. Python libraries used were: numpy, pandas,
scipy, joblib, SALib, and scikit-learn. The python codes and sample data have
been uploaded to https://github.com/avpresbitero/HIIS.

1.5. Human innate immune system model with the
induction mechanism of TNAP
In the first sub-section we describe first the calibration process of the model
with data from the bIAP branch of APPIRED II under the assumption that
supplemented bIAP stimulates the liver cells to produce additional TNAP.
The calibrated model is then used to predict the dynamics of the immune
response for the placebo branch. These predictions are validated using data
from the placebo branch of APPIRED II. In the second sub-section we show
the dynamics of all cellular and molecular entities in the model and highlight
the action of bIAP on the dynamics of systemic inflammation.
In this study we use the median for each branch of the APPIRED II clinical
trial to designate the values that best represent the population of patients
undergoing cardiac surgery. Since we assume that the induction
mechanism of alkaline phosphatase is inherent to all patients injected with
bolus alkaline phosphatase, we did not cluster patients into different subgroups. Although clustering patients into sub-groups based on their
response would lead to a deeper understanding of the induction mechanism,
the current dataset is not large enough to look into the individual trends of
the patients’ blood parameters. Providing a personalized take on the
modeling of the innate immune response and on the individual response to
the supplemented AP, this endeavor is beyond the scope of the current
research but will be investigated in future studies.
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Calibration and Validation
Patients in the APPIRED studies were supplemented with a bolus of AP plus
continuous infusion of AP and showed a surge of TNAP in the bloodstream
(Figure 2A, bIAP Calibration). We calibrate the model parameters
(summarized in 8.7 of the Supporting Information) using three datasets: AP,
pro-inflammatory, and anti-inflammatory cytokine profiles of patients in the
bIAP treatment experiment. We summarize the results in Figure 2.
In response to a massive insult, the liver releases all its stored AP into the
bloodstream. The liver then takes roughly 2 hours to recover. We actually
see this dynamics on the in-silico prediction of the model initially exhibited
as a high concentration of AP at the onset of surgery. This is then followed
by an immediate drop in AP concentration, corresponding to the time
interval when the liver is still recuperating. Note that the effect of the AP
bolus on the concentration disappears within 20 minutes after its
supplementation as attributed to its short half-life and its interaction with
ITMs. Then the liver begins supplying AP again at around 2 hours after
surgery.

bIA P Ca libra tion

Pla cebo Va lida tion

A

B
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Figure 2. Innate immune response to systemic inflammation with the addition of the induction of TNAP by
supplemented bIAP. The three plots (A, C, E) on the bIAP calibration column show the result of the calibration
of the model parameters using data from the bIAP branch of APPIRED II. Data points are shown in red and
correspond to the median value of the patients in this branch. The error bar shows the median absolute error.
Blue lines correspond to the dynamics of the in silico model after calibration. (A) shows the dynamics of AP
in blood (B) shows the dynamics of the pro-inflammatory cytokine represented in the model compared
against IL6 data. (C) shows the dynamics of anti-inflammatory cytokines in the model against IL10 data. The
three plots (B, D, F) on the placebo validation column show the validation of the model against data from the
Placebo branch of APPIRED II. The model is able to predict the dynamics of placebo branch using the
parameters calibrated with the data from the bIAP branch. The model predicts a protective effect of AP. As
a consequence, the model predicts a greater concentration of pro-inflammatory cytokines in the placebo
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
in Equations (31) and (32) (section 8.10
branch (D). See unit conversion of AP and cytokines from
𝑚𝑚𝑚𝑚3
of the Supporting Information) respectively.

A continuous supply of bIAP was administrated into the patients for 8 hours,
in addition to the initial concentration of 1000 IU bovine AP. It was observed
that liver-type TNAP is induced in these patients as is shown by the overall
concentration of AP in circulation in Figure 2 (A). This supports the
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conjecture that, as a result of an ischemic condition, added AP serves as an
indirect trigger for the liver to release more AP into the bloodstream. We
therefore introduce an induction term

𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑟𝑟
(𝑡𝑡−𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 )
1+𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

(𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 +

𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ) in Equation (15) that is dependent on the concentration of bolus
𝐴𝐴𝐴𝐴 supplied into the system. The induction mechanism of AP is modelled as
a reverse sigmoid function that is centered at 1 hour - corresponding to the
lag of release of AP from the liver, having flushed all its contents, as the liver
recuperates.
The rate at which AP is being used up by the system and the rate at which
AP is replenished back into the bloodstream from the liver should be the
same regardless of the treatment type. This is because the two groups of
patients (bIAP and placebo branches) underwent the same type of
cardiothoracic surgical procedure. Hence, we assume the same scale of
insult, or the same amount of ITMs on both branches. We validate our model
by using the parameter values that we have previously calibrated on the
supplemented AP treatment branch to predict the AP profiles of patients in
the placebo treatment branch. Our results are shown in Figure 2 (B Placebo
Validation).

1.6. Dynamics of the HIIS with the induction
mechanism of TNAP
Dynamics of Macrophages
In the case of a massive insult, such as cardiac surgery, where ITMs are
simultaneously originating from numerous sources in the body, the entire
population of resting macrophages immediately becomes activated. This is
evident in Figure 3 (A) where we see, from simulated data, an immediate
drop of resting macrophage population at the moment surgery is initiated
(time = 0), which corresponds to an immediate rise of activated macrophage
population as shown in Figure 3 (B).
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A

B

Figure 3. (A) Resting Macrophages residing in tissue concentration drops within very short time after
initiating ischemic insult upon a massive insult and induced by circulating ITM released under CPB/surgical
conditions, which in our case is cardiac surgery. (B) Activated Macrophages concentration is driven to a
maximum brought about by the immediate turnover of resting macrophage population to activated
macrophages.

Dynamics of Neutrophils
In the context of our model, resting neutrophils become “activated” when
they enter the tissue from the bloodstream via the endothelial barrier., The
recruitment of neutrophils is proportional to the concentration of proinflammatory cytokines that increase the permeability of the endothelial
barrier. This means that the larger the insult, the more resting neutrophils
are recruited from the blood stream into the tissue.
For placebo patients the model predicts (Figure 4) an increased level of
neutrophils necrosis in tissue in response to slightly higher concentration of
ITM in tissue. The increased number of necrotic neutrophils leads to the
production of additional ITMs, which acts as a positive feedback for
inflammation. In AP-treated patients, the presence of additional AP prevents
or reduces the necrosis of neutrophils.. This could explain the lower number
of adverse events reported for the AP branch of the clinical trial compared
to the placebo branch 28.
The model dynamics shown in Figure 4 supports the idea that AP is an antiinflammatory mediator that plays an important and active role in the human
innate immune system, even though the impact of AP observed with the
current levels of ITMs appears to be confined to a small shift in the ratio of
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apoptotic versus necrotic neutrophils.
A

B

C

D

E

F

Figure 4. Dynamics of (A) ITMs in Plasma, (B) ITMs in Tissue, (C) Resting Neutrophils, (D) Activated Neutrophils,
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(E) Apoptotic Neutrophils and (F) Necrotic Neutrophils in the tissue. Activated neutrophils in the placebo
treatment go into necrosis quicker than in the supplemented AP treatment. It seems indeed that the addition
of bolus AP contributes to the human innate immune system as an anti-inflammatory mediator by reducing
the amount of neutrophils that go into the necrosis pathway.

1.7. HIIS model without the induction mechanism of
TNAP
In this section we present the model results under the assumption that
supplemented bIAP does not stimulate the liver cells to produce additional
TNAP. In this case we use the previous model without the induction term
introduced in section 0. We first attempted to calibrate the parameters of
this alternative model on the supplemented bIAP branch. However, we were
not able to model the AP dynamics of the bIAP branch without the induction
term. For this reason we calibrated the model with data from the placebo
branch of APPIRED II. The calibrated alternative model is then used to
predict the dynamics of the immune response for the bIAP branch. We
compare these predictions with data from the bIAP branch of APPIRED II
and observe that the calibrated model fails to predict the AP dynamics
observed in the clinical trial. Since the model without the induction
mechanism cannot be validated we do not show the detailed dynamics of
cellular and molecular entities as we did in section 3.1.2.

Calibration and Validation
Instead of calibrating the parameters using the AP treatment and validating
using the placebo treatment, we now reverse the process and calibrate
instead the parameters in the placebo treatment first and validate them
using the AP patient data. The aim of which is to find out whether we could
model the induced amount of endogenous AP in the supplemented branch
without using the induction term.
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Figure 5. Innate immune response to systemic inflammation without the induction term. The three plots (A, C,
E) on the placebo calibration column summarize the result of the calibration of the model parameters using
data from the placebo branch of APPIRED II. Data points are shown in red and correspond to the median
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value of the patients in this branch. The error bar shows the median absolute error. Blue lines correspond to
the dynamics of the in silico model after calibration. (A) shows the dynamics of AP in blood. (B) shows the
dynamics of the pro-inflammatory cytokine represented in the model compared against IL6 data. (C) shows
the dynamics of anti-inflammatory cytokines in the model against IL10 data. The three plots (B, D, F) on the
bIAP validation column show the validation of the model against data from the bIAP branch of APPIRED II.
Without the induction term, we are not able to reproduce the Alkaline Phosphatase profile in the AP-treated
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
in Equations Equations (31) and (32) (section
patients. See unit conversion of AP and cytokines from
𝑚𝑚𝑚𝑚3
8.10 of the Supporting Information) respectively.

Using the calibrated parameters from the placebo study, we predict the
dynamics of the bIAP study without the induction term. As shown in Figure
5B, the model without the induction term is not able to reproduce the AP
profile of bIAP treatment patients. This clearly shows that an additional
mechanism is missing and that the missing term has to account for
additional production of TNAP to be released from the liver (the major
source of stored AP) into the bloodstream. See Supporting Information
section 8.9 for details on the dynamics of the various compartments of the
HIIS without the induction mechanism of TNAP.

1.8. Predicting the innate immune response for
patients having excess ITMs using different AP
treatment regimens
The validation in section 3.1 shows that the model with an induction
mechanism for TNAP is able to predict the dynamics of the human innate
immune system response in patients with systemic inflammation. Under
the conditions of reported in APPIRED II patients in the placebo treatment
branch have been able to resolve inflammation almost as effectively as
patients in the bIAP branch, the only measurable difference being different
levels of plasma AP and a reduced number of adverse events in the bIAP
branch. Supplementation of AP under these conditions has an impact on the
amount of necrotic neutrophils but did not drastically change the dynamics
of immune cells from that of the placebo treatment group. However, since
in the APPIRED I study 16% of patients show an excess amount of ITMs, the
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source of which is unknown, we explore the impact of supplemented AP in
a system stressed by an additional source of ITMs after surgery. We model
this scenario by adding a secondary source of insult in-silico and predicting
how the human innate immune system would respond in different AP
regimens using our model. The amount of this secondary source of ITMs is
set to a reasonable value as indicated in 53. We perform two sets of in-silico
experiments: in the first set we predict how the immune cells respond to an
excess amount of ITMs; in the second set we predict how different AP
regimens (i.e. different concentrations of bolus AP) affect the body’s
response to an additional source of ITMs as the one observed in APPIRED I.

In-Silico Experiment #1: Innate immune system
dynamics for patients with excess ITMs
The model predicts a protective effect due to supplemented AP when a
patient is challenged by a second source of ITMs immediately after or during
the surgery. Figure 6 and 7 show the predicted dynamics for bIAP and
placebo branches in case of a source of additional ITMs. Apoptotic
neutrophils in supplemented branch have a concentration higher than in the
placebo branch. On the other hand, necrotic neutrophils and ITMs in placebo
branch are higher than in the supplemented treatment branch. The model
predicts a more intense inflammation in the placebo branch as shown in the
pro-inflammatory cytokines plot (Figure 7C). This is confirmed by (Figure
7D) which shows more anti-inflammatory cytokines in the supplemented
than in the placebo branch
A

B
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C

D

Figure 6. (A) Activated Neutrophils, (B) Apoptotic Neutrophils (C) Necrotic Neutrophils, and (D) ITMs in Tissue
in Supplemented and Placebo branches for patients with excess ITMs. The model predicts higher
concentrations of apoptotic neutrophils in the supplemented than in the placebo branch, but higher
concentrations of necrotic neutrophils in the placebo than in the supplemented branch.
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Figure 7. (A) Alkaline Phosphatase, (B) ITMs in Plasma (C) Pro-inflammatory, and (D) Anti-inflammatory
Cytokine Concentrations in Supplemented and Placebo branches for patients with excess ITMs. The placebo
branch produces more pro-inflammatory cytokines and lesser anti-inflammatory cytokines, suggesting a
more intense inflammation in the placebo branch compared to the supplemented branch. See unit
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
in Equations (31) and (32) (section 8.10 of the Supporting
conversion of AP and cytokines from
𝑚𝑚𝑚𝑚3
Information) respectively.

In-Silico Experiment #2: Treating Patients with excess
ITMs with Various Alkaline Phosphatase Regimen
Phase II and Phase IIIa clinical trials have observed an increased
concentration of TNAP in circulation in the AP treatment group compared to
the placebo group given an AP protocol. For instance in APPIRED I, a bolus
of 1000 IU of bovine AP was first injected to patients undergoing cardiac
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surgery followed by a continuous infusion of 5.6 IU/L per kg body weight for
8 hours. In this section we predict the dynamics of the innate immune
response under the conditions described in section 3.3.1 given two different
AP supplementation regimens for which we increase the supplemented AP
to twice and thrice the original protocol respectively. We then compare the
results with the protocol tested in APPIRED II study.
The model predicts an increasing protective effect the higher the
concentration of supplemented AP by showing an increasing neutralizing
effect on ITMs both in plasma and in tissue (Figure 8A and B). As the
concentration of supplemented AP increases, more and more activated
neutrophils are inclined to go into apoptosis rather than necrosis (Figure 8C
and D). Pro-inflammatory profiles show that increasing supplemented AP
decreases the amount of pro-inflammatory cytokines, while increasing the
population of anti-inflammatory cytokines, indicating a better resolution of
the systemic inflammation.
A

B

43

Chapter 1 Modeling the Human Innate Immune Response for Systemic Inflammation

C

D

E

F

Figure 8. (A) ITMs in Plasma, (B) ITMs in Tissue, (C) Apoptotic Neutrophils, (D) Necrotic Neutrophils, (E) ProInflammatory Cytokines, and (F) Anti-Inflammatory Cytokines for AP protocol APPIRED II (red) 2x the amount
of AP, (blue), and 3x the amount of AP (green). Here we shoe that the model predicts an increasing protective
effect the higher the concentration of supplemented AP by showing an increasing neutralizing effect on ITMs
both in plasma and in tissue, increasing concentrations of apoptotic neutrophils and anti-inflammatory
cytokines, and decreasing concentrations of necrotic neutrophils and pro-inflammatory cytokines. See unit
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑠𝑠
in Equation (32) of section 8.10 of the Supporting Information.
conversion of cytokines from
3

1.9.

𝑚𝑚𝑚𝑚

Summary and Conclusion

The induction mechanism of liver-type Tissue Non-specific Alkaline
Phosphatase (TNAP) into circulation observed in patients undergoing
coronary artery bypass grafting with cardiac valve replacement could be the
body’s way of strengthening its defense mechanism against such a massive
insult, making TNAP a de facto key player in the human innate immune
system. Hence, directing the attention to the role of Alkaline Phosphatase in
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systemic inflammation and understanding its role in supporting an
appropriate innate immune response is of utmost immunological
importance. Computational modelling makes it possible to mimic and
understand such intricate details and mechanisms of the human innate
immune system and offers a predictive power for experimental outcomes
through in-silico experiments.
To our knowledge, we have developed the first mathematical model of
systemic inflammation that is calibrated and validated on clinical data. We
show that the amount of additional endogenous TNAP released in
circulation in the supplemented branch is proportional to the total
concentration of bolus AP being supplied. We also provide a plausible
mathematical function that describes this mechanism. Our model predicts
a protective effect of AP in the supplemented branch of APPIRED II, evidence
of which can be concluded from the dynamics of the neutrophils. This effect,
minimal under the conditions of APPIRED II, becomes obvious when
patients exhibit an excess of ITMs after surgery (as observed in 16% of
patients of APPIRED I study). We present a scenario where we mimic excess
ITMs as seen in some patients by adding a secondary source of insult and
see how the model reacts to different AP regimens by varying doses of AP
supplied to patients. We show that additional AP has indeed a protective
effect and this effect is more prominent in patients with excess ITMs. In this
case in-silico experiments predict that the amount of apoptotic neutrophils
in the supplemented AP branch is much higher than in the placebo branch.
Additionally, the amount of pro-inflammatory cytokines predicted for the
supplemented AP branch is lower than in the placebo branch, giving further
evidence that supplemented AP reduces the intensity of systemic
inflammation. As expected, the model predicts more anti-inflammatory
cytokines in the supplemented branch than in the placebo branch. In other
words, the dynamics predicted by the in-silico model show that resolution of
inflammation is faster and more efficient with increasing concentration of
AP. Hence, our findings suggest that AP indeed plays an important role in
mitigating inflammation especially in systemic inflammation and that this
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protective effect can be modified through variation in AP protocol.
Our model for systemic inflammation is in fact similar to mechanistic
models of physiological process, more specifically that of
pharmacokinetic/pharmacodynamic (PKPD) models, that are used to
develop insights on the dynamics and magnitude of the effect of a drug
through quantitative analysis. These models are used to describe the
dynamics of the physiological variables in different states. In our case, we
model and validate the dynamics of bolus AP together with the human
innate immune response for patients undergoing cardiac surgery in two
treatment arms respectively: with or without AP supplementation. After
validation, the model is used to understand and predict the effect of
experimental perturbations, such as variations in AP regime, an approach
that is referred to as “forward engineering.” A synergy, henceforth, is created
between systems biology and
PKPD through iterations between
computational/mathematical modeling and experimentation 56. Helmlinger
et al. have provided a comprehensive review of drug-disease modeling in the
pharmaceutical industry 57. A robust application of systems pharmacology,
or the application of systems biology in order to understand how drugs
affect the human body, is detailed by Gadkar et al. in 58.
The current model has three main limitations: the limited biological
knowledge regarding the mechanism that regulates the induction of
endogenous AP production triggered by supplemented AP, the potential bias
introduced by the modeling approach, and the bias introduced by studying
the median dynamics rather than attempting to cluster patients in groups
with different dynamics.
1) The goal of this model is to prove the existence of AP induction and
propose a possible mechanism describing these dynamics. We did
validate the existence of the induction of AP, yet the available
experimental data is not sufficient to unequivocally unravel the
underlying mechanism.
2) The other limitation relates to the modeling approach used. Ordinary
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differential equations do not take into account the spatial properties
of the innate immune response during systemic inflammation. The
spatial effects are limited to the compartmentalization of the body
into blood, liver and tissue while microscopic spatial effects of the
cellular dynamics are neglected. It is possible that modeling the
spatial properties of the system would result in a more accurate
description of the dynamics, especially for the first 3 hours during
which there is a major displacement of cells between blood and
tissue. For that, we would need a high resolution spatial-temporal
clinical data.
3) Given the data at our disposal we decided to study the systemic
inflammation via the median dynamics of the two branches of the
APPIRED II clinical trial. The large variability in the dataset suggests
that clustering patients in subgroups with different dynamics might
provide a more accurate prediction of model parameters. However,
we believe that the approach used in this paper is sufficient to prove
the existence of the induction mechanism of AP and to provide a
preliminary description of its dynamics.
The physiological relevance of this study is that to the best of our knowledge
this is the first mathematical model describing systemic inflammation.
Additionally, this is the first model describing the role of Alkaline
Phosphatase in the resolution of inflammation after invasive cardiac
surgery, laying the foundations to understand systemic inflammatory
response syndrome. The main clinically relevant result is the evidence of the
existence of an induction mechanism triggered by supplemented AP. This
model provides a starting point to investigate the amount of endogenous AP
induced in the body, and consequently, the optimal amount of supplemented
AP to be administered during and after invasive cardiac surgery.
Using the proposed model, we have shown in-silico the dynamics of
systemic inflammation within a period of 36 hours using different AP
regimens. This information is being taken into account in the planning of a
clinical trial phase III b. Data from the new multi-center clinical trial will be
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used to further refine the model. This model and its future iterations will be
useful to predict the dynamics of neutrophils during systemic inflammation
(namely the balance between apoptotic and necrotic neutrophils and the
subsequent resolution of inflammation) and act as a tool to optimize the
administration of anti-inflammatory drugs (not necessarily AP) in clinical
trials dealing with systemic inflammatory response syndromes.
We perform a global sensitivity test (see Supporting Information Section 8.8)
where we vary our input parameters within intervals that correspond to the
values found in literature.
The model provides evidence of the existence of an induction mechanism
of liver-type tissue non-specific alkaline phosphatase, triggered by the
supplementation of AP in patients undergoing cardiac surgery. We show
that the AP branch of the clinical trial can only be explained using a
mechanism that induces a release in circulation of liver TNAP that is
proportional to the amount of supplemented AP. We provide a possible
mathematical description of this induction mechanism. The model is
validated using novel clinical AP, pro-inflammatory and anti-inflammatory
cytokine profiles of placebo- and bIAP-treated patients. This is the first time
that liver-type tissue nonspecific alkaline phosphatase has been modelled
together with the human innate immune system. To date, there are no other
existing published clinical trials that tackle the exact mechanisms of livertype TNAP induction, let alone, a model that describes systemic
inflammation. To the best of our knowledge this is the first numerical model
of a complex innate immune response that is quantitatively validated with
clinical data. Our work paves the way to a deeper understanding of the
immunological mechanisms underpinning this important innate immune
response to oxidative stress mediated inflammation.

1.10. Supporting Information
All references of the supporting information for this chapter are in Section
1.10.10.
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1.10.1. Model Terms and Biological Mechanisms
Activation and Inhibition of Resting Macrophages
As deduced from the prevalence of complications following cardiothoracic
surgery, i.e. in kidney function and brain temporary cognitive impairment, the
mere presence of inflammation triggering moieties (ITMs) as by-products of
simultaneous insults, both local or transported into the tissue, is enough to
activate resting macrophages (𝑀𝑀𝑅𝑅 ) at a rate of 𝜙𝜙𝑀𝑀𝑅𝑅 |𝐼𝐼𝐼𝐼𝐼𝐼 . The activation of 𝑀𝑀𝑅𝑅
is inhibited by the presence of anti-inflammatory cytokines (𝐴𝐴𝐴𝐴𝐴𝐴) at a rate
of 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 and consequently the concentration of 𝑀𝑀𝐴𝐴 is reduced accordingly.
This is motivated by the biological mechanism where increasing
concentration of apoptotic neutrophils cleared by activated macrophages
induces a higher concentration of 𝐴𝐴𝐴𝐴𝐴𝐴. In other words, the higher 𝐴𝐴𝐴𝐴𝐴𝐴
concentration is, the slower the activation process of resting macrophages
becomes.
−

𝜙𝜙𝑀𝑀𝑅𝑅 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
1 + 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴

(1)

Induction of Endothelial Permeability
We model diapedesis and the movement of primed cellular entities from the
blood into the tissue compartment by a permeability factor of the endothelial
membrane, to account for the macroscopic spatial dynamics (movement of
cells between blood and tissue) involved in a systemic inflammatory
response.
Pro-inflammatory cytokines (𝐶𝐶𝐶𝐶) indirectly result in opening up the
endothelial barrier. This allows the migration of monocytes and circulating
primed neutrophils, as well as plasma resident molecules like albumin and
alkaline phosphatase, from the bloodstream into the tissue. We model
endothelial permeability through Equation (2), where 𝜁𝜁 could either be
𝑀𝑀𝑅𝑅 , 𝑁𝑁𝑹𝑹 , 𝐼𝐼𝐼𝐼𝐼𝐼, or AP.

𝑃𝑃𝜁𝜁𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑃𝑃𝜁𝜁𝑚𝑚𝑚𝑚𝑚𝑚 are the maximum and minimum

endothelial permeability respectively, 𝐶𝐶𝐶𝐶 designates the concentration of
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pro-inflammatory cytokines, while 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the concentration of 𝐶𝐶𝐶𝐶 that

gives 50% of the maximum effect on permeability. The term 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is
simply a dilution factor that represents the diffusion of immune cells from
the bloodstream (5 liters) into the tissue (75 liters, assuming an 80 kg
person)
𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 �𝑃𝑃𝜁𝜁𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑃𝑃𝜁𝜁𝑚𝑚𝑚𝑚𝑚𝑚 �

𝐶𝐶𝐶𝐶
+ 𝑃𝑃𝜁𝜁𝑚𝑚𝑚𝑚𝑚𝑚
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

(2)

Equation (2) is modelled using a Hill type equation to make the permeability
of the endothelial barrier non-linearly dependent on the 𝐶𝐶𝐶𝐶 concentrations.
These permeability factors are limited by a multiplier that depends on the
represented entity.

Interaction of cells with Inflammation Triggering
Moieties
Equation (3) models the interaction of cells with ITMs
by 𝑀𝑀𝐴𝐴 , 𝑁𝑁𝐴𝐴 , 𝐺𝐺, and 𝐴𝐴𝐴𝐴, where the 𝜆𝜆 coefficients correspond to the rates at
which the ITMs are being detoxified by dephosphorylation in the tissue.
𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 + 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴 𝑁𝑁𝐴𝐴 + 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

(3)

+ 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑢𝑢𝑢𝑢 )

Phagocytosis of Apoptotic and Necrotic Neutrophils
Activated neutrophils either go into apoptosis or necrosis depending on the
scale of insult in the body. 𝑀𝑀𝐴𝐴 then proceeds to dispose of these neutrophils
through phagocytosis. This process is modelled by Equation (4) where 𝜂𝜂
represents either apoptotic or necrotic state of neutrophils, and 𝜆𝜆𝑀𝑀𝐴𝐴 |𝑁𝑁𝑁𝑁𝜂𝜂 is
the rate of phagocytosis.

𝜆𝜆𝑀𝑀𝐴𝐴|𝑁𝑁𝑁𝑁𝜂𝜂 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝜂𝜂

(4)

Induction of Inflammation Triggering Moieties
Neutrophils undergoing necrosis cause all of their cellular contents, with
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endogenous-ITM characteristics, to spill out into the surrounding tissue,
thereby triggering a vigorous pro-inflammatory response 59. We model the
induction of ITMs through Equation (5) where 𝛼𝛼𝑁𝑁𝑁𝑁𝑁𝑁 is the rates of induction
of 𝐼𝐼𝐼𝐼𝐼𝐼 due to necrotic neutrophils (𝑁𝑁𝑁𝑁𝑁𝑁 ).

(5)

𝛼𝛼𝑁𝑁𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁𝑁𝑁

Natural Decay of Species
HIIS key players can disappear from the system due to natural species
decay, modelled in Equation (6) where 𝜇𝜇𝜓𝜓 represents the decay rate of
species 𝜓𝜓.

(6)

−𝜇𝜇𝜓𝜓 𝜓𝜓

Production of Pro-inflammatory and Antiinflammatory Cytokines
Equation (7) models the production of 𝐶𝐶𝐶𝐶, such as interleukin (𝐼𝐼𝐼𝐼)-1, and
tumor necrosis factor (𝑇𝑇𝑇𝑇𝑇𝑇), where the term 𝛽𝛽𝑀𝑀𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 +
𝛽𝛽𝑁𝑁𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑁𝑁𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 describes the production of 𝐶𝐶𝐶𝐶 when 𝑀𝑀𝐴𝐴 and 𝑁𝑁𝐴𝐴

phagocytose 𝐼𝐼𝐼𝐼𝐼𝐼. This mechanism is regulated by 𝐴𝐴𝐴𝐴𝐴𝐴. The larger the 𝐴𝐴𝐴𝐴𝐴𝐴
concentration is, the slower the increase in 𝐶𝐶𝐶𝐶. The term 1 − 𝐶𝐶𝐶𝐶 ⁄𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚
models the growth factor of 𝐶𝐶𝐶𝐶. Hence, 𝐶𝐶𝐶𝐶 is no longer produced when it
reaches a maximum concentration of 𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 in the tissue.
(𝛽𝛽𝑀𝑀𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝑁𝑁𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑁𝑁𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 )(1 −
1 + 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴

𝐶𝐶𝐶𝐶
)
𝐶𝐶𝐶𝐶 𝑚𝑚𝑚𝑚𝑚𝑚

(7)

𝐴𝐴𝐴𝐴𝐴𝐴, such as 𝐼𝐼𝐼𝐼4, 𝐼𝐼𝐼𝐼10, and 𝐼𝐼𝐼𝐼𝐼𝐼-alpha, are actively produced by 𝑀𝑀𝐴𝐴 , as well
as when 𝑀𝑀𝐴𝐴 phagocytoses 𝑁𝑁𝑁𝑁𝐴𝐴 . This is modelled by the term
�𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝐴𝐴 + 𝛼𝛼𝐴𝐴𝐴𝐴𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 � in Equation (8). The production of 𝐴𝐴𝐴𝐴𝐴𝐴 is
limited by the maximum concentration of 𝐴𝐴𝐴𝐴𝐴𝐴 allowed in the tissue
(𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 ) through a growth factor represented by the term 1 −
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𝐴𝐴𝐴𝐴𝐴𝐴 ⁄𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 .

(𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝐴𝐴 + 𝛼𝛼𝐴𝐴𝐴𝐴𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 )(1 −

Necrosis and Cytokines Delay

𝐴𝐴𝐴𝐴𝐴𝐴
)
𝐴𝐴𝐴𝐴𝐴𝐴 𝑚𝑚𝑚𝑚𝑚𝑚

(8)

Neutrophils naturally die through a programmed death process called
“apoptosis.” However, if the stimulus is too strong, neutrophils go into the
necrotic state, which is a turbulent cell death that triggers the release of
tremendous amounts of ITMs in the surrounding tissue. It remains unclear
how much of this activated neutrophil concentration goes into apoptosis, or
conversely into necrosis. We simplify these mechanisms in our model by
assuming that necrosis takes place when activated neutrophils
phagocytose ITMs. Therefore, the larger the insult, the more ITMs there are
in the body and the higher the concentration of necrotic neutrophils
becomes. Apoptosis, on the other hand is simply modelled by the decay of
activated neutrophils and is inversely proportional to the concentration of
ITMs in the system. These mechanisms are modelled by Equation (9), where
the term on the left corresponds to apoptosis, and the term on the right to
necrosis with temporal delay 𝑡𝑡𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 of 5 hours.
−𝜇𝜇𝑁𝑁𝑁𝑁𝐴𝐴

𝑁𝑁𝐴𝐴
1
−
𝜆𝜆
𝑁𝑁 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
−𝑟𝑟
1 + 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 1 + 𝑒𝑒𝑒𝑒𝑒𝑒 NDN�𝑡𝑡−𝑡𝑡𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁� 𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴 𝐴𝐴

(9)

It is also of great importance to model the delay of the cytokine response.
This was observed in patients by cytokines increment in the plasma after
about 20 minutes. We model this delay mechanism as a step function given
by Equation (10) where 𝑏𝑏 is the rate which we set to maximum to account
for the immediate increase in cytokine population as soon as the time
reaches 𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 .
1

1 + 𝑒𝑒𝑒𝑒𝑒𝑒−𝑏𝑏�𝑡𝑡−𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶�
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Release of Endogenous Alkaline Phosphatase from the
Liver
Alkaline phosphatase in the bloodstream is used up in numerous ways. The
body then establishes homeostasis by releasing a considerable amount of
liver-derived AP (about 50% of total plasma concentration of AP) into the
blood circulation through a process described by Pike et al., (2013). Note
that the largest amount of AP in the body is stored at the bile canalicular
membrane. We model this supply of AP through a Gaussian function that is
centred around zero 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 concentration, which served as the
body’s “distress signal” to fire up the liver into releasing its contents
(indirectly) into the blood stream. ‘w’ is the width of the Gaussian function
that sets the AP “distress signal” concentration and 𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is the rate at
which AP is released into circulation by the liver.
𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 �𝑒𝑒𝑒𝑒𝑒𝑒

(𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 +𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 )2
−
2𝑤𝑤 2
�

(11)

Administration of Bolus Alkaline Phosphatase
In APPIRED II, a total amount of 10,000 units AP (1000 IU bolus and 9000 IU
infusion) was administered over a period of 8 hours. AP infusion is modelled
by a step function given by Equation (12) where 𝑏𝑏 is set to maximum to
represent the sudden decline in bIAP concentration as soon as the infusion
has been terminated at 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 .
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (

1

1+𝑒𝑒𝑒𝑒𝑒𝑒𝑏𝑏(𝑡𝑡−𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 )

Induction of Alkaline Phosphatase

)

(12)

The intricate details pertaining to the underlying mechanisms to how
alkaline phosphatase is induced upon a systemic insult are still unknown
and not found anywhere in literature. We propose a hypothesis that the
induced AP is only proportional to the amount of supplemented AP that is in
the system. We model this induction mechanism as the inverse of a sigmoid
function where the amplitude is dependent on parameter 𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 and the
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total concentration of supplemented AP that is in the system (𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 +
𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ). Note that the induction mechanism has a delay of 𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , which
refers to the time it takes for the liver to be able to supply AP again, having
emptied out 1000 IU at the onset of surgery.
1+𝑒𝑒𝑒𝑒𝑒𝑒

𝑟𝑟𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (𝑡𝑡−𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴)

(𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 )

(13)

1.10.2. The Human Innate Immune System Model (HIIS)
The HIIS model is summarized in equations (14)-(27). Equations (14)-(19)
model the biological mechanisms in the blood compartment while
equations (20)-(27) correspond to the tissue compartment. The parameters
and initial values that we used in the model are those from literature, as well
as those indicated in the cardiac surgery clinical study.

Blood Compartment
𝑑𝑑𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
= −𝜇𝜇𝐼𝐼𝐼𝐼𝐼𝐼 𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
𝑑𝑑𝑑𝑑

− 𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 �𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝜆𝜆ITM|𝐴𝐴𝐴𝐴𝑆𝑆 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 �

𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
− ��𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
− 𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
�

𝐶𝐶𝐶𝐶
𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
� 𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 �1 −
�
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
+

𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
�1 −
�
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
1 + 𝑒𝑒𝑒𝑒𝑒𝑒𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡−𝑡𝑡𝐼𝐼𝐼𝐼𝐼𝐼)
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𝑑𝑑𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
= −𝜇𝜇𝐴𝐴𝐴𝐴𝐸𝐸 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 − [(𝑃𝑃𝐴𝐴𝐴𝐴
− 𝑃𝑃𝐴𝐴𝐴𝐴
)
𝑑𝑑𝑑𝑑
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
+

1 + 𝑒𝑒𝑒𝑒𝑒𝑒

1

𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐴𝐴𝐴𝐴
]𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 − 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸 𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

−𝑟𝑟𝐴𝐴𝐴𝐴 (𝑡𝑡−𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

+

�𝑟𝑟
�𝑒𝑒𝑒𝑒𝑒𝑒
) 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

(15)

(𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 +𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 )2
−
2𝑤𝑤 2
�

1 + 𝑒𝑒𝑒𝑒𝑒𝑒𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡−𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴)

(𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 )�

𝑑𝑑𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
= −𝜇𝜇𝐴𝐴𝐴𝐴𝑆𝑆 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 − 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 . [(𝑃𝑃𝐴𝐴𝐴𝐴
− 𝑃𝑃𝐴𝐴𝐴𝐴
)
𝑑𝑑𝑑𝑑
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

(16)

𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐴𝐴𝐴𝐴
]𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐸𝐸

𝑑𝑑𝑁𝑁𝑅𝑅
𝑑𝑑𝑑𝑑

+𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (

1

1+𝑒𝑒𝑒𝑒𝑒𝑒𝑏𝑏(𝑡𝑡−𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 )

= −𝜇𝜇𝑁𝑁𝑅𝑅 𝑁𝑁𝑅𝑅 − �𝑃𝑃𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑅𝑅

𝐶𝐶𝐶𝐶

𝐶𝐶𝐶𝐶+𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

) − 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝑆𝑆 𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

� �1 −

𝑑𝑑𝑑𝑑𝑑𝑑
1
= – 𝜇𝜇𝐶𝐶𝐻𝐻 𝐶𝐶𝐶𝐶 +
−𝑏𝑏�𝑡𝑡−𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 �
𝑑𝑑𝑑𝑑
1 + 𝑒𝑒𝑒𝑒𝑒𝑒

𝑁𝑁𝐴𝐴

𝑁𝑁𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚

� 𝑁𝑁𝑅𝑅 +𝑟𝑟𝑁𝑁ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 (1 −

𝑁𝑁𝑅𝑅

𝑁𝑁𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚

)𝑁𝑁𝑅𝑅

(17)

(18)

𝐶𝐶𝐶𝐶
(𝛽𝛽𝑀𝑀𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝑁𝑁𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼 𝑁𝑁𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 )(1 −
𝑚𝑚𝑚𝑚𝑚𝑚 )
𝐶𝐶𝐶𝐶
[
]
1 + 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝐴𝐴𝐴𝐴𝐴𝐴
= −𝜇𝜇𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴 + (𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝐴𝐴 + 𝛼𝛼𝐴𝐴𝐴𝐴𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 )(1 −
)
𝑑𝑑𝑑𝑑
𝐴𝐴𝐴𝐴𝐴𝐴 𝑚𝑚𝑚𝑚𝑚𝑚

(19)

Tissue Compartment

𝑑𝑑𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
= −𝜇𝜇𝐼𝐼𝐼𝐼𝐼𝐼 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 + 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴 𝑁𝑁𝐴𝐴
𝑑𝑑𝑑𝑑

+ 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑢𝑢𝑢𝑢 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 )

𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
+𝛼𝛼𝑁𝑁𝑁𝑁𝑁𝑁 𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 [(𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
− 𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
)

−

𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
)
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚

𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼
]𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 (1
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
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𝜙𝜙𝑀𝑀𝑅𝑅 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑑𝑑𝑀𝑀𝑅𝑅
= −𝜇𝜇𝑀𝑀𝑅𝑅 𝑀𝑀𝑅𝑅 −
𝑑𝑑𝑑𝑑
1 + 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴
𝑚𝑚𝑚𝑚𝑚𝑚
+𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 [(𝑃𝑃𝑀𝑀
𝑅𝑅

−

𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝑀𝑀
)
𝑅𝑅

𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝑀𝑀
] [𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚 − (𝑀𝑀𝑅𝑅 + 𝑀𝑀𝐴𝐴 )]
𝑅𝑅
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

𝜙𝜙𝑀𝑀𝑅𝑅 |𝐼𝐼𝐼𝐼𝐼𝐼 𝑀𝑀𝑅𝑅 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑑𝑑𝑀𝑀𝐴𝐴
= −𝜇𝜇𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 +
𝑑𝑑𝑑𝑑
1 + 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑁𝑁𝐴𝐴
𝑁𝑁𝐴𝐴
1
= −𝜇𝜇𝑁𝑁𝑁𝑁𝐴𝐴
−
𝜆𝜆
𝑁𝑁 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑑𝑑𝑑𝑑
1 + 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 1 + 𝑒𝑒𝑒𝑒𝑒𝑒−𝑟𝑟NDN�𝑡𝑡−𝑡𝑡𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁� 𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴 𝐴𝐴
+𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 [𝑃𝑃𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑅𝑅

𝐶𝐶𝐶𝐶
𝑁𝑁𝐴𝐴
](1 − 𝑚𝑚𝑚𝑚𝑚𝑚 )𝑁𝑁𝑅𝑅
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝑁𝑁𝑅𝑅

𝑑𝑑𝑁𝑁𝑁𝑁𝐴𝐴
𝑁𝑁𝐴𝐴
= 𝜇𝜇𝑁𝑁𝑁𝑁𝐴𝐴
− 𝜆𝜆𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝐴𝐴
𝑑𝑑𝑑𝑑
1 + 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑑𝑑𝑁𝑁𝑁𝑁𝑁𝑁
1
=
𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴 𝑁𝑁𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜆𝜆𝑁𝑁𝑁𝑁𝑁𝑁|𝑀𝑀𝐴𝐴 𝑀𝑀𝐴𝐴 𝑁𝑁𝑁𝑁𝑁𝑁
𝑑𝑑𝑑𝑑
1 + 𝑒𝑒𝑒𝑒𝑒𝑒−𝑟𝑟NDN(𝑡𝑡−𝑡𝑡𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁)
𝑑𝑑𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
= −𝜇𝜇𝐴𝐴𝐴𝐴𝐸𝐸 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 [(𝑃𝑃𝐴𝐴𝐴𝐴
− 𝑃𝑃𝐴𝐴𝐴𝐴
)
𝑑𝑑𝑑𝑑
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

(21)

(22)

(23)

(24)
(25)

(26)

𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐴𝐴𝐴𝐴
]𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 − 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

𝑑𝑑𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐶𝐶𝐶𝐶
𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚
= −𝜇𝜇𝐴𝐴𝐴𝐴𝑆𝑆 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 [(𝑃𝑃𝐴𝐴𝐴𝐴
− 𝑃𝑃𝐴𝐴𝐴𝐴
)
𝑑𝑑𝑑𝑑
𝐶𝐶𝐶𝐶 + 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝑚𝑚𝑚𝑚𝑚𝑚
+ 𝑃𝑃𝐴𝐴𝐴𝐴
]𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 − 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐸𝐸

− 𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐴𝐴 𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
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Table 1. Summary of Terms and Description Used in the Human Innate Immune System Model. Note that the values indicated for Immune cells (entries 1-14) are
initial values.

Category

Equation
Terms

1

𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

2

𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

3
4
5
6
7

Immune Cell

𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑁𝑁𝑅𝑅

𝐶𝐶𝐶𝐶

𝐴𝐴𝐴𝐴𝐴𝐴

𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

Description
concentration of Inflammation Triggering
Moeties (ITMs) in the bloodstream
concentration of endogenous Alkaline
Phosphatase (AP) in the bloodstream
concentration of supplemented AP in the
bloodstream
concentration of resting neutrophils
concentration of pro-inflammatory cytokines
concentration of anti-inflammatory cytokines
concentration of ITMs in the tissue

57

Value

Unit

3.5𝑥𝑥107

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3

4000
1000

1.2𝑥𝑥105
0
0

3.5𝑥𝑥105

References
60

𝐼𝐼𝐼𝐼

61

𝐼𝐼𝐼𝐼

experiment*

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3

62

50

50

50
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8

𝑀𝑀𝑅𝑅

9

𝑀𝑀𝐴𝐴

10

𝑁𝑁𝐴𝐴

11

𝑁𝑁𝑁𝑁𝐴𝐴

12

𝑁𝑁𝑁𝑁𝑁𝑁

13

𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

14

𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

15
16
17
18

Rate of Decay

𝜇𝜇𝐼𝐼𝐼𝐼𝐼𝐼
𝜇𝜇𝐴𝐴𝐴𝐴𝐸𝐸
𝜇𝜇𝑀𝑀𝑅𝑅

𝜇𝜇𝑁𝑁𝑁𝑁𝐴𝐴

concentration of resting macrophages
concentration of activated macrophages
concentration of activated neutrophils
concentration of apoptotic neutrophils
concentration of necrotic neutrophils
concentration of endogenous AP in the tissue
concentration of supplemented AP in the
tissue
Decay rate of ITMs
Decay rate of endogenous AP

1.5𝑥𝑥103
0
0
0
0

62

50

50

50

50

𝐼𝐼𝐼𝐼

experiment*

4.4𝑥𝑥10−6

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

62

2.9𝑥𝑥10−6

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

62

2500
0

Decay rate of resting macrophages

6.3𝑥𝑥10−4

Decay rate of necrotic neutrophils

-

58

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝐼𝐼𝐼𝐼

experiment*

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

63

-

calibrated
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(see Table 2)
20

𝜇𝜇𝐴𝐴𝐴𝐴𝑆𝑆

21

𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸

22
Rate of
23

Phagocytosis
of

24

Inflammation
Triggering

25
26
27

Moieties

𝜆𝜆ITM|𝐴𝐴𝐴𝐴𝑆𝑆
𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑀𝑀𝐴𝐴
𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴

𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝜆𝜆𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴

Decay rate of supplemented AP
neutralization rate of ITMs by endogenous AP
neutralization rate of ITMs by supplemented
AP
phagocytosis rate of ITMs by activated
macrophages
phagocytosis rate of ITMs by activated
neutrophils
phagocytosis rate of ITMs by endogenous AP
in tissue
phagocytosis rate of ITMs by supplemented
AP in tissue
rate at which necrotic neutrophils are engulfed
by macrophages
59

0.1

3.9𝑥𝑥10−9
2.6𝑥𝑥10−9
7𝑥𝑥10−4
3.9𝑥𝑥10−9
2.6𝑥𝑥10−9
-

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚
-

𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚𝑚𝑚
-

experiment*
64

64

62

calibrated
(see Table 2)
64

64

calibrated
(see Table 2)
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28

Rate of
Engulfment of
Neutrophils

rate at which apoptotic neutrophils are
𝜆𝜆𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴

29

31

Permeability
Constants

34

𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝐴𝐴𝐴𝐴
𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝐴𝐴𝐴𝐴

32
33

-

-

-

-

-

-

-

-

-

-

concentration of pro-inflammatory cytokines
𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

30

engulfed by macrophages

𝑃𝑃𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑅𝑅

Maximum
Concentration

𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
𝑁𝑁𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚

that give 50% of the maximum effect of
permeability
maximum permeability of AP
minimum permeability of AP
maximum permeability of resting neutrophils
maximum concentration of ITMs
maximum concentration of resting neutrophils

60

3.6𝑥𝑥107
2.5𝑥𝑥103

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3

calibrated
(see Table 2)
calibrated
(see Table 2)
calibrated
(see Table 2)
calibrated
(see Table 2)
calibrated
(see Table 2)
53

50
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of Immune
Cells

36

𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚

37

𝑡𝑡𝐼𝐼𝐼𝐼𝐼𝐼
38

40

cytokines
maximum concentration of Monocytes

5.8𝑥𝑥106

delay in generating ITMs at the onset of

1.5𝑥𝑥102

surgery

10

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚

delay at which AP is supplied into the
Time Delay

39

maximum concentration of anti-inflammatory

𝑡𝑡𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

bloodstream

bloodstream is stopped

480

delay of cytokine recruitment
20

𝑡𝑡𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

61

50

corresponden
ce with Ruud
Brands
corresponden

60

time at which bolus AP that is injected into the

65

𝑚𝑚𝑚𝑚𝑚𝑚

ce with Ruud

𝑚𝑚𝑚𝑚𝑚𝑚

experiment*

𝑚𝑚𝑚𝑚𝑚𝑚

Brands

corresponden
ce with Ruud
Brands
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41

delay of necrosis

corresponden
300

𝑡𝑡𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
42

𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼

43
44

Rate of
Increase/Decr
ease of
Sigmoid

45
46

𝑟𝑟𝐴𝐴𝐴𝐴
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

Function
𝑟𝑟𝑁𝑁𝑁𝑁𝑁𝑁
𝑏𝑏

rate of increase of ITMs at the onset of
surgery
rate of increase at which AP is supplied into
the bloodstream

𝑚𝑚𝑚𝑚𝑚𝑚

-

-

-

-

-

-

-

-

-

-

ce with Ruud
Brands
calibrated
(see Table 2)
calibrated
(see Table 2)

rate of induction of AP in the supplemented
branch, where patients are supplied initially
with 1000 IU of AP, and continuously with

calibrated
(see Table 2)

bolus AP
rate at which activated neutrophils become
necrotic
set to maximum to signify an immediate
rise/fall of concentration

62

calibrated
(see Table 2)
-
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47
Maximum
48

Peak
Saturation of

49

Sigmoid
Function

50

Pro-

53

𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

51

52

𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑘𝑘

inflammatory
Cytokine
Production

𝛽𝛽𝑀𝑀𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼
𝛽𝛽𝑁𝑁𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼
𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴

peak concentration of ITMs
peak concentration of AP that is supplied into
the bloodstream to establish homeostasis
peak concentration of induced AP
peak concentration of injected bolus AP

-

-

-

-

-

-

-

-

-

-

-

-

-

-

rate of pro-inflammatory cytokine production
when activated macrophages phagocytose
ITMs
rate of pro-inflammatory cytokine production
when activated neutrophils neutralize ITMs
rate at which anti-inflammatory cytokines
inhibit pro-inflammatory cytokine production

63

calibrated
(see Table 2)
calibrated
(see Table 2)
calibrated,
(see Table 2)
experiment*
calibrated
(see Table 2)
calibrated
(see Table 2)
calibrated
(see Table 2)
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54

Antiinflammatory

55
56

Cytokine
Production
Dilution
Factor

57

Positive
Feedback

58
59

rate at which anti-inflammatory cytokines are
𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴
𝛼𝛼𝐴𝐴𝐴𝐴𝐴𝐴|𝑀𝑀𝐴𝐴
𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝛼𝛼𝑁𝑁𝑁𝑁𝑁𝑁
𝜙𝜙𝑀𝑀𝑅𝑅 |𝐼𝐼𝐼𝐼𝐼𝐼
𝑟𝑟𝑁𝑁ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

produced when activated macrophages engulf

-

-

1.3𝑥𝑥10−3

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

apoptotic neutrophils
rate at which anti-inflammatory cytokines are
produced by activated macrophages
dilution factor that accounts for the movement
of immune cells from the bloodstream into the
tissue
rate of production of ITMs by necrotic
neutrophils
rate at which resting macrophages are
activated by ITMs
rate of homeostasis of resting neutrophils in
the bloodstream

64

7.3𝑥𝑥10−5
-

(see Table 2)
50

66

1/16
-

calibrated

𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚𝑚𝑚
-

calibrated
(see Table 2)
50

calibrated
(see Table 2)
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60

Homeostasis
of Neutrophils
*

defines how long the concentration of
𝑤𝑤

neutrophils are replenished back into the
bloodstream to establish homeostasis

concentration used in the clinical study

65

-

-

calibrated
(see Table 2)
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1.10.3. Parameter Estimation
A cost function quantifies how closely the output of the model agrees with
the experimental data using a set of parameters 𝜃𝜃. This cost function is
normally designated by the root mean of square error as shown in Equation
(28):
m

χ (θ) = � �
2

k=1

𝐷𝐷
�
∑𝑑𝑑𝑙𝑙=1 �𝑦𝑦�
𝑘𝑘𝑘𝑘 − 𝑦𝑦𝑘𝑘 (𝜃𝜃, 𝑡𝑡𝑙𝑙 )�

𝑑𝑑𝑘𝑘

2

(28)

𝐷𝐷
where 𝑦𝑦𝑘𝑘𝑘𝑘
corresponds to the d data points for each observable k (Alkaline
Phosphatase, anti- and pro-inflammatory cytokines) at time points 𝑡𝑡𝑙𝑙 . 𝑑𝑑𝑘𝑘 is
the number of data points for observable k, and 𝑦𝑦𝑘𝑘 (𝜃𝜃, 𝑡𝑡𝑙𝑙 ) is the model output
for observable k at time t l using the parameters 𝜃𝜃. We also normalized the
experimental data and the model output for observable 𝑘𝑘 by dividing them
with the maximum experimental value and model output value respectively.
In this way, we assign equal contributions from each dataset to the objective
function especially since they have different range of values.
𝐷𝐷
𝑦𝑦�
𝑘𝑘𝑘𝑘 =

𝐷𝐷
𝑦𝑦𝑘𝑘𝑘𝑘
𝑦𝑦𝑘𝑘 (𝜃𝜃, 𝑡𝑡𝑙𝑙 )
�
(𝜃𝜃, 𝑡𝑡𝑙𝑙 ) =
𝐷𝐷 ) , 𝑦𝑦𝑘𝑘
𝐷𝐷 )
𝑚𝑚𝑎𝑎𝑎𝑎(𝑦𝑦𝑘𝑘𝑘𝑘
𝑚𝑚𝑚𝑚𝑚𝑚(𝑦𝑦𝑘𝑘𝑘𝑘

(29)

The set of parameters 𝜃𝜃 can be estimated numerically by minimizing 𝜒𝜒 2 (𝜃𝜃):
𝜃𝜃� = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎[𝜒𝜒 2 (𝜃𝜃)]

(30)

1.10.4. Parameter Optimization

We estimate model parameters by minimizing the cost function in Equation
(30). Here we used the truncated Newton method, also known as NewtonConjugate Gradient method, which solves large nonlinear optimization
problems given a set constraints or boundaries for each parameter in 𝜃𝜃.

The NCG method is an iterative algorithm that searches for optimal
parameters corresponding to the minimal cost function in the direction of
66
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𝑝𝑝𝑘𝑘𝑁𝑁 as summarized in Equation (31)

(31)

𝑝𝑝𝑘𝑘𝑁𝑁 = −𝛻𝛻 2 𝑓𝑓𝑘𝑘−1 𝛻𝛻𝑓𝑓𝑘𝑘

where 𝑝𝑝𝑘𝑘𝑁𝑁 is the search direction, 𝛻𝛻 2 𝑓𝑓𝑘𝑘 is the the second derivative of the cost
function (Hessian matrix), and 𝛻𝛻𝑓𝑓𝑘𝑘 is the gradient of the cost function at an
optimization step 𝑘𝑘 67. However, the Hessian matrix 𝛻𝛻 2 𝑓𝑓𝑘𝑘 may not always be
positive definite and the step direction 𝑝𝑝𝑘𝑘𝑁𝑁 may not always be in the
descending direction. The NCG method avoids this issue using the
conjugate gradient method, which terminates the iteration steps if a
negative curvature of the Hessian matrix is encountered. Additionally, the
NCG method is a Hessian-free method because it does not require explicit
knowledge of the Hessian matrix. Rather, it only needs to calculate for the
matrix-vector products between the Hessian matrix 𝛻𝛻 2 𝑓𝑓𝑘𝑘 and the search
vector 𝑝𝑝, which can be solved via the finite-difference technique. A more
detailed discussion of the conjugate gradient method and the finitedifference techniques can be found in 67.
Table 2. Summary of calibrated model parameters. Note that the calibration range
excludes 0.
Model
Parameters
1
2
3
4
5
6
7

Unit

𝛽𝛽𝑀𝑀𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼

𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚

𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴

𝑚𝑚𝑚𝑚3
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑠𝑠

𝛽𝛽𝑁𝑁𝐴𝐴|𝐼𝐼𝐼𝐼𝐼𝐼

𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴
𝜆𝜆𝐼𝐼𝐼𝐼𝐼𝐼|𝑁𝑁𝐴𝐴
𝛼𝛼𝑁𝑁𝑁𝑁𝑁𝑁 ,
𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝐴𝐴𝐴𝐴

𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. 𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 2 . 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚
1⁄𝑚𝑚𝑚𝑚𝑚𝑚

Calibrated
Supplemented
AP Experiment
7.8 × 10−4

Calibration
Range

Reference

(0,1]

constrained 53

(0,1]

constrained 53

(0,10]

constrained 68

(0,1]

constrained (data)

(0,1]

constrained 53

9 × 101

(0, 104 ]

constrained 68

1 × 103

[102 , 104 ]

constrained 59

4.8 × 10−2
1 × 10−10

1 × 10−6
2 × 10−3
67
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8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝐴𝐴𝐴𝐴

𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑤𝑤

𝑟𝑟𝑖𝑖𝑖𝑖𝑑𝑑𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑟𝑟𝐴𝐴𝐴𝐴

𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼

𝑟𝑟𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝑟𝑟𝑁𝑁𝑁𝑁𝑁𝑁

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3 . 𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3
1⁄𝑚𝑚𝑚𝑚𝑚𝑚
1⁄𝑚𝑚𝑚𝑚𝑚𝑚
1⁄𝑚𝑚𝑚𝑚𝑚𝑚
1⁄𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3 . 𝑚𝑚𝑚𝑚𝑚𝑚

2 × 10−4

(0, 100]

constrained (data)

(0,1]

constrained (data)

5 × 1012

[1013 , 1014 ]

constrained 53

5 × 10−6

(0,1]

constrained 69

[101 , 104 ]

constrained 69

(0,1]

constrained 69

−2

5 × 10

8 × 10−2
−1

5 × 10

8 × 10−3

𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚

3 × 10−5

𝜇𝜇𝑁𝑁𝑁𝑁𝐴𝐴

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

2.5 × 101

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

1 × 10−4

𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
𝑃𝑃𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑅𝑅

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

constrained 69

21

8 × 107

1⁄𝑚𝑚𝑚𝑚𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚3

[105 , 109 ]

constrained 69

𝑚𝑚𝑚𝑚3
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐. 𝑚𝑚𝑚𝑚𝑚𝑚

𝐾𝐾𝑒𝑒𝑒𝑒𝐶𝐶𝐻𝐻

constrained (data)

[10 , 10 ]

𝜆𝜆𝑁𝑁𝑁𝑁𝑁𝑁|𝑀𝑀𝐴𝐴
𝜆𝜆𝑁𝑁𝑁𝑁𝐴𝐴|𝑀𝑀𝐴𝐴

(0,0.1]

3 × 10

6

2 × 104

−3

6 × 10

5

9

(0,10]

constrained (data)

(0,1]

constrained 53

(0,1]

constrained 69

(0,1]

constrained 69

[104 , 107 ]

constrained 69

(0,1]

constrained 69

1.10.5. Parameter Identifiability Using Profile Likelihood
Although we propose a model of the human innate immune response that
aims at describing the dynamics of fourteen (14) immune cells and
molecules that are located either in the bloodstream or in the tissue, clinical
data is only available for AP, pro-inflammatory, and anti-inflammatory
cytokines. Given the noise in the experimental data, the assurance of model
parameters being estimated unambiguously becomes challenging. More
often than not, experimental data is insufficient especially with respect to
the size of the model, hence estimated parameters can be non-identifiable
70
.
Parameter identifiability analysis addresses a crucial step in estimating
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parameters. This type of analysis tries to answer whether it is possible to
recover a unique set of model parameters given a dataset. One tool that was
developed to evaluate which parameters are identifiable, and hence
consequently infer the feasibility of the model, was introduced by Rau et al.
in 71 through a technique called profile likelihood. This type of approach aims
at “profiling” a single parameter by fixing its value across a range of values,
while fitting the remaining parameters using the objective function in
Equation (28). The minimum value of the objective function constitutes the
likelihood profile for the fixed parameter within the computed confidence
interval derived using a threshold in the likelihood. Due to the intense
computational requirements of a detailed parameter identifiability study, we
performed a preliminary study (data not shown) focusing on the sensitive
parameters identified in the global sensitivity analysis (see Section 1.10.7).
This preliminary study shows that all sensitive parameters are either
identifiable or practically non-identifiable parameters. Additionally for all
practically non-identifiable parameters the issue is related to the lower
boundary, which cannot be lower than 0, while the upper boundary always
crosses the threshold in the likelihood.

1.10.6. Difference between Experimental Data and Model
Output
We show the normalized residuals between experimental data and results
of the model simulation for Alkaline Phosphatase, pro-inflammatory, and
anti-inflammatory cytokines by calculating the difference between
experimental data and model output divided by the experimental data.
Normalized residual values are at maximum between 0-5 hours after surgery
time for cytokines (see A-B). Considering the large standard deviation
observed within the 0-5 hours post-surgery timeframe on the cytokines
dataset that in fact spans 7 orders of magnitude in units cells/m3, our results
still fall within this expected range. Note that patients’ blood parameters
usually stabilize to normal concentrations within this time period after
surgery.
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Normalized residuals for AP are only at maximum at the onset of surgery.
This is as expected because right at the start of surgery, patients are injected
with bovine AP concentration of 1000 IU. Bovine AP has a short half life and
could disappear within 20 minutes. However, the earliest recorded AP
concentration from the experimental data is 30 minutes after the start of
operation. Therefore, we do not see a trace of this added bovine AP on the
data, giving a residual that is close to the initial concentration of AP given to
the patient.
A

B

C

Figure 9. Normalized Residuals (Experimental Data– Predicted Value/Experimental Data) for A) Proinflammatory Cytokines, B) Anti-inflammatory Cytokines, and C) Alkaline Phosphatase.

1.10.7. Sensitivity Analysis
In order to obtain a deeper understanding of the model dynamics, it is
important to quantify how the variability of model parameters affects the
predictions of the model. For this reason, we perform a global sensitivity
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analysis 72 for three of the most significant model outputs: Alkaline
Phosphatase, pro-inflammatory cytokines, and anti-inflammatory cytokines
for which we have the experimental data. The strength of variance-based
measures of sensitivity lies on the fact that they measure sensitivity across
the entire input space and could deal with nonlinear responses and measure
the effect of interactions in non-additive systems. We chose the Fourier
amplitude sensitivity test (FAST) due to its computational efficiency 73–76.
The ranges of parameter values were varied in a range of biologically
justified values given in Table 2. The 22 parameters of the model were then
sampled using a periodic sampling approach with the number of parameter
samples N = 5000 to ensure an adequate coverage of the multidimensional
parameter space. We analyzed the sensitivity of the model by plotting the
sensitivity indices with 95% confidence of the FAST method (see Figure 10).
We show that concentrations of pro-inflammatory cytokines are most
sensitive to 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 , 𝛽𝛽𝑀𝑀𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 , 𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴 |𝑀𝑀𝐴𝐴 , and 𝑟𝑟𝑁𝑁𝑁𝑁𝑁𝑁 (see Figure 10A) in various time

intervals. 𝑟𝑟𝑁𝑁𝑁𝑁𝑁𝑁 only becomes sensitive 30 minutes after the onset of surgery.
This is due to the delay in the recruitment of neutrophils into the tissue. The
sensitivity indices for 𝛽𝛽𝑀𝑀𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 , 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 , on the other hand peak right after the

onset of surgery and decrease beyond this time interval. These parameters
are sensitive because they are incorporated in the model Equation (18)
which regulates the concentration of pro-inflammatory cytokines. The
interactions between activated neutrophils and ITMs also trigger the
recruitment of pro-inflammatory cytokines. Hence, the term 𝑟𝑟𝑁𝑁𝑁𝑁𝑁𝑁 , which
controls the activation rate of resting neutrophils in Equation (23), turns out
to be sensitive as well.
𝛽𝛽𝑁𝑁𝑁𝑁𝐴𝐴 |𝑀𝑀𝐴𝐴 , 𝛽𝛽𝑀𝑀𝐴𝐴 |𝐼𝐼𝐼𝐼𝐼𝐼 , 𝜃𝜃𝐴𝐴𝐴𝐴𝐴𝐴 , 𝜆𝜆𝑁𝑁𝑁𝑁𝑁𝑁|𝑀𝑀𝐴𝐴 , 𝐾𝐾𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 , and 𝑃𝑃𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
are the most sensitive
𝑅𝑅
parameters among those investigated with respect to the concentration of
anti-inflammatory cytokines as shown in Figure 10B. The first three
parameters are the same for both pro-inflammatory cytokines and antiinflammatory cytokines because these two immune cells depend on each
other. However, for anti-inflammatory cytokines the sensitivity is more
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pronounced as the anti-inflammatory response continues for several hours
after surgery.
Finally, the parameters shown to be most sensitive for the production of
𝑚𝑚𝑚𝑚𝑚𝑚
endogenous AP in the bloodstream are 𝑤𝑤, 𝑟𝑟𝐴𝐴𝐴𝐴 , 𝑟𝑟𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝑃𝑃𝐴𝐴𝐴𝐴
. These
parameters have direct effect on the concentration of endogenous AP as
𝑚𝑚𝑚𝑚𝑚𝑚
to
can be seen in Equation (15) of the model. The sensitivity of 𝑃𝑃𝐴𝐴𝐴𝐴
endogenous AP shows an initial peak within the first hour, then it goes down
and rises 40 minutes after surgery. Note that bolus AP is continuously
injected up until 8 hours after surgery. Therefore, the effect of adjusting the

𝑚𝑚𝑚𝑚𝑚𝑚
) that allows the transfer from the
minimum permeability of AP (𝑃𝑃𝐴𝐴𝐴𝐴
bloodstream into the tissue is also minimal within this time period.
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A

B

C

Figure 10. Fourier Amplitude Sensitivity Analysis (FAST) sensitivity indices of model parameters with respect
to A) Pro-inflammatory Cytokines, B) Anti-inflammatory Cytokines, and C) Alkaline Phosphatase
Concentrations up until 36 hours after surgery. The red lines correspond to parameters that are the most
sensitive while the gray lines are those that are not. Note that the black horizontal line determines the
confidence level of 95%. The closer the index is to 1, the more sensitive the model prediction is to a parameter.

1.10.8. Human innate immune system model without the
induction mechanism of TNAP
HIIS model without the induction term predicts exactly the same dynamics
for ITMs in plasma, ITMs in tissue and neutrophils in both branches as
shown in Figure 11. Hence, without the added induced AP, immune cells in
the supplemented branch exhibit the same dynamics as in placebo branch.
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A

B

C

D

E

F

Figure 11. Dynamics of (A) ITMs in Plasma, (B) ITMs in Tissue, (C) Resting Neutrophils, (D) Activated
Neutrophils, (E) Apoptotic Neutrophils and (F) Necrotic Neutrophils in the tissue. Dynamics of immune cells
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are similar for supplemented bIAP and placebo branches.

1.10.9. Conversion of Concentrations
Alkaline Phosphatase
𝐼𝐼𝐼𝐼
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
1 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝐴𝐴𝐴𝐴 � � = AP �
�×
3
𝐿𝐿
𝑚𝑚𝑚𝑚
6.02 × 1023 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝐴𝐴𝐴𝐴 (𝑔𝑔)
×
1 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
×

Cytokines
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �

1.

2.
3.
4.
5.
6.

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝐼𝐼𝐼𝐼) 1 × 106 𝑚𝑚𝑚𝑚3
×
1 × 10−3 𝑔𝑔
1 𝐿𝐿

where 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝐴𝐴𝐴𝐴 = 160 𝑘𝑘𝑘𝑘/𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑝𝑝𝑝𝑝
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
1 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
� = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 �
�×
3
𝑚𝑚𝑚𝑚
𝑚𝑚𝑚𝑚
6.02 × 1023 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
×
×

1.10.10.

(32)

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝑔𝑔) 1 × 1012 𝑝𝑝𝑝𝑝
×
1 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
1 𝑔𝑔

(33)

1 × 106 𝑚𝑚𝑚𝑚3
1𝐿𝐿
×
1𝐿𝐿
1 × 103 𝑚𝑚𝑚𝑚

where 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑐𝑐𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 = 21 𝑘𝑘𝑘𝑘/𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
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2

Evolutionary Game Theory and
Modeling the Human Innate
Immune Response

The human innate immune system (HIIS) is composed of a manifold of
enzymes and cells that work together to protect the body from harmful
stimuli. This adverse reaction comprises the interplay of a myriad of
complex processes by HIIS’ subcomponents. These immune cells interact
among each other to set forth a well-orchestrated and targeted response
designed to neutralize the insult. In fact, so well-orchestrated, that despite
its complexity, it appears the processes are controlled by a central factor
that limits the choices of sub-components to act in a way that is not
necessarily beneficial to the subcomponents (cells or the surrounding local
tissue), but nevertheless importantly beneficial to the organism.
In the first part of Chapter 2, I look at how two death pathways of neutrophils
(apoptosis and necrosis), that have interestingly contradictory immediate
effects on the body during inflammation, have been optimized by nature over
the course of evolutionary time. Here I utilized a mathematical framework
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called evolutionary game theory (EGT), that is suitable for optimizing
competing goals or maximizing the fitness of a disparate number of
interacting individuals or, in the context of EGT, the so-called players of the
game.
Assuming that the percentage of apoptosis and necrosis that we observe in
neutrophils is the result of optimization done by nature (presumably to
maximize the chance of the organism’s survival), I show as a validation that
the driving mechanism that results in the optimized percentages of necrosis
and apoptosis observed in the data is evidently the work of a central factor
that is none other than the concentration of remaining inflammation
triggering moieties (ITMs) in the system. On top of this, I incorporate
concepts of cellular automata (CA) to incorporate spatial interactions that
are observed in biological entities on a cellular level. Using CA coupled with
the EGT framework, I investigate whether the choice of strategy (apoptosis
or necrosis) is based on local interactions that occur among immediate
neighbors of necrotic entities, or whether the optimized percentage of
apoptosis or necrosis observed in data is driven by a much larger cause. It
turns out indeed that the subcomponents of the innate immune response
strategize for the greater good, hence providing numerical evidence that
neutrophils need sufficient information, by virtue of cytoplasmic spill and
release of cytokines, of the overall magnitude of inflammation to elicit an
effective response to insult.
In the second part of Chapter 2, I look at various conditions when and how
this sense of global cooperation crumbles12. Cooperation exists in various
levels of biological systems. HIIS is no exception. In this part of my thesis, I
explore how cooperation propagates and eventually ceases to do so in a
system when bombarded with stochasticity, despite having its
subcomponents strategizing for the greater good. In HIIS, this stochasticity
may be the result of the body’s inability to function effectively in times of
disease. In this line of work, I show that a system that survives and works
much like having a central control, cooperation can eventually crumble
despite having a strong sense of homeostasis.
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Modeling the Balance Between
Apoptosis and Necrosis Using
Evolutionary Game Theory

Abstract
Background: Neutrophils are one of the key players in the human innate
immune system (HIIS). In the event of an insult where the body is exposed
to inflammation triggering moieties (ITMs), neutrophils are mobilized
towards the site of insult and antagonize the inflammation. If the
inflammation is cleared, neutrophils go into a programmed death called
apoptosis. However, if the insult is intense or persistent, neutrophils take on
a violent death pathway called necrosis, which involves the rupture of their
cytoplasmic content into the surrounding tissue that causes local tissue
damage, thus further aggravating inflammation. This seemingly paradoxical
This subchapter is based on an article submitted to BMC Bioinformatics that is now accepted for publication. “Presbitero, A., Mancini, E., Castiglione, F.,
Krzhizhanovskaya, V. V. & Quax, R. Game of Neutrophils: Modeling the Balance Between Apoptosis and Necrosis. BMC Bioinformatics (2019)” (accepted
for publication)
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phenomenon fuels the inflammatory process by triggering the recruitment
of additional neutrophils to the site of inflammation, aimed to contribute to
the complete neutralization of severe inflammation. This delicate balance
between the cost and benefit of the neutrophils’ choice of death pathway
has been optimized during the evolution of the innate immune system. The
goal of our work is to understand how the tradeoff between the cost and
benefit of the different death pathways of neutrophils, in response to various
levels of insults, has been optimized over evolutionary time by using the
concepts of evolutionary game theory.
Results: We show that by using evolutionary game theory, we are able to
formulate a game that predicts the percentage of necrosis and apoptosis
when exposed to various levels of insults.
Conclusion: By adopting an evolutionary perspective, we identify the driving
mechanisms leading to the delicate balance between apoptosis and
necrosis in neutrophils’ cell death in response to different insults. Using our
simple model, we verify that indeed, the global cost of remaining ITMs is the
driving mechanism that reproduces the percentage of necrosis and
apoptosis observed in data and neutrophils need sufficient information of
the overall inflammation to be able to pick a death pathway that presumably
increases the survival of the organism.
Keywords: neutrophils, evolutionary game theory, apoptosis, necrosis

This subchapter is based on an article submitted to BMC Bioinformatics that is now accepted for publication. “Presbitero, A., Mancini, E., Castiglione, F.,
Krzhizhanovskaya, V. V. & Quax, R. Game of Neutrophils: Modeling the Balance Between Apoptosis and Necrosis. BMC Bioinformatics (2019)” (accepted
for publication)

81

Chapter 2.1 Modeling the Balance Between Apoptosis and Necrosis Using Evolutionary Game Theory

2.1.1.Introduction
Neutrophils play a crucial role in the human innate immune response. These
human immune cells are not only the most abundant among immune cells,
but also are the first to arrive at the sites of insult, where they execute their
anti-inflammatory functions 77–79. Approximately 1011 neutrophils circulating
in the bloodstream undergo programmed cell death, also known as
apoptosis, per day. Neutrophils still undergo this natural death process even
under healthy conditions in order to maintain homeostasis 80,81. In case of
an insult, inflammation triggering moieties (ITMs) like bacterial
lipopolysaccharides (LPS) and extracellular nucleotides induce
inflammation, an essential mechanism of the innate immune response 82.
These ITMs are phagocytosed by active neutrophils or neutralized through
the release of granules, depending on the nature of the ITMs. When
inflammation is easily resolvable by the available population of immune cells
at the site of inflammation, previously active neutrophils proceed to
apoptosis 83. However, if the inflammation is too intense or persistent, such
as in systemic inflammation where ITMs are simultaneously originating
from various sources in the body, neutrophils take on a dangerous death
pathway called necrosis. Necrosis is a violent cell death that involves the
rupture of the cell membrane, spilling out its cytoplasmic contents into the
site of inflammation, thus further aggravating the inflammation. Necrosis is
one of the major causes of tissue damage during inflammation, contributing
to sepsis and potentially leading to lethal complications during the
inflammation. It has been observed that the proportion of neutrophils going
into either death pathway depends on the scale of the insult 84,85. The
intricate details and the underlying mechanisms regarding the resolution of
inflammation by neutrophils is still an active evolving field. For a
comprehensive review, see 86.
It is reasonable to assume that the tradeoff between the evolutionary cost
and benefit of inflammation, more specifically the choice of death pathway
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for neutrophils in response to various levels of insults, is the result of an
optimization performed by evolution during the development of the human
immune system. We refer to the cost and benefit as the overall factors that
affect the reproduction rate and the energetic cost of the organism.
In the modern era where availability of medical treatment has paralleled the
surge of technology, and novel breakthroughs in modern medical research
and development has redefined state-of-the-art medical care 87, the human
physiology, however, is not optimized with respect to the modern
environment because evolution happens on a much larger timescale than a
few centuries. Consequently, the body’s tendency to “overreact” to
pathogens in the form of inflammation might be unnecessarily large in
terms of intensity when faced with the present environment as compared to
the environment millennia ago, when healthcare was not yet developed. It
has been hypothesized in a seminal work by Okin et al. that given the highcost feature of the human inflammatory response, a suboptimal tradeoff
between the cost and benefit of inflammation has a high probability to
adversely affect the fitness thus causing disease 88.
In the present article we extend the concepts presented in 89 by introducing
the use of evolutionary game theory to model the choice of death pathways
in neutrophils given an initial concentration of inflammation triggering
moieties (ITMs). To the best of our knowledge, this is the first time that a
subsystem of the innate immune response is modeled in the context of
evolutionary game theory. Existing models found in literature use ordinary
and partial differential equations 7,48,50, as well as agent-based and cellular
automata models 90–92. In the previous article 89, we limited our study to the
use of mean-fields as scheme of interactions between neutrophils. Here, we
introduce the use of cellular automata to better detail these interactions and
to conform to the realistic limitation of the propagation of stimuli due to the
physical constraints of biological tissues.
For the sake of simplicity, we will assume the human body to be an
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ensemble of biological (cellular) components somehow (i.e., directly or
indirectly) interacting with and influencing each other. These cellular
components are neutrophils that could either go into apoptosis or necrosis
when responding to an insult in a specific body tissue. Since the choice of
pathway of one neutrophil could influence that of another, we utilize the
concept of game theory in which components of the system can “play”
among them and where their interactions determine the fate (the dynamics)
of the system. Game theory is a branch of mathematics dealing with
interactions between “rational decision makers”, called players (e.g.,
neutrophils in tissue in our case), where each player can perform one of
several actions called strategies (e.g., here apoptosis or necrosis), based on
well-defined preferences among various outcomes represented by
numerical payoffs.
The classic interpretation of game theory is that the analyzed game (i.e., the
game of neutrophils) can be played exactly once by fully rational individuals
who know the details of the game, which include the outcomes of each
other’s strategies. Evolutionary game theory, on the other hand, considers
the game that is played repeatedly over a long period of time by living entities
that are “pre-programmed” to choose a certain strategy 93. In the context of
this study, a living entity can therefore only choose a single strategy in a
single lifetime and the game is played by different generations of population
of players for long periods of time. In essence, evolutionary game theory
combines evolutionary ecology with game theory.
The benefit of apoptosis is apparent, since apart from getting rid of a small
amount of ITMs, it also triggers macrophages to secrete anti-inflammatory
mediators like anti-inflammatory cytokines, which lead to the resolution of
inflammation 83. In contrast, necrosis carries a risk to the body as it triggers
death of a cell that damages the surrounding tissue, further aggravating
inflammation. Yet on the other hand, necrosis indirectly triggers potentially
life-saving actions such as the recruitment of more neutrophils into the site
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of inflammation by releasing pro-inflammatory mediators called proinflammatory cytokines. In other words, necrosis sacrifices a “local” cost to
the tissue while simultaneously leading eventually to a “global” benefit to the
organism (surviving and reproducing).
We define necrotic neutrophils in tissue (necrotic entities), in the context of
game theory, as cooperators or altruists because these players are willing to
undergo a violent death as well as inflict local tissue damage for the greater
good. To conform with the EGT common terminology, we further define
apoptotic neutrophils in the tissue (apoptotic entities) as defectors or
cheaters for the reason that these cheaters entities in fact acquire a number
of benefits due to the “sacrifice” made by the altruist necrotic entities. Given
the inherently stochastic nature of biological processes, we formulate the
“game of neutrophils” as a mixed strategy game: players could choose a
strategy with a certain probability, which is interpreted as the fraction of the
population choosing a set of strategies. The payoffs correspond to the
evolutionary fitness, and the game dynamics acquired correspond to the
stable evolutionary population dynamics observed in biological systems and
as the outcome of the evolutionary game 94,95. We hypothesize that the scale
of insult pertaining to the concentration of ITMs that remain in the system
is the main force that dictates the optimized balance of apoptosis and
necrosis that most likely ensures the survival of the system. By using
evolutionary game theory, we are able to verify that the global cost of
remaining ITMs is the driving mechanism that describes the balance
between the two death pathways for neutrophils given the level of insult as
well as interpret on a molecular level how this balance is achieved by
coupling evolutionary game theory with cellular automata.

2.1.2. The Neutrophil Game
The neutrophil game is a two-player game that utilizes either of two
strategies namely: necrosis and apoptosis. The payoffs for each pair of
strategies are summarized in Table 3. A row corresponds to the strategy
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played by player 1 and a column corresponds to the strategy played by
player 2. The neutrophil game follows a mixed strategy game, meaning, we
assign a probability for each strategy. This allows a player to probabilistically
choose between apoptosis and necrosis. The rationale behind this choice is
that the pathways leading to apoptosis or necrosis depend on a series of
biochemical reactions in response to external stimuli and internal processes
of the cell. All these processes are stochastic, so that a cell exposed to a
given environment might take one pathway or the other with a certain
probability. In our model, player 1 chooses to go into necrosis with a
probability 𝑞𝑞 and apoptosis with a probability (1 − 𝑞𝑞). Player 2, on the other
hand, chooses to go into necrosis with a probability 𝑝𝑝 and apoptosis with a
probability 1 − 𝑝𝑝.

The neutrophil game is a symmetric game where all players are of the same
type, leading to a symmetric payoff matrix. For instance, both players 1 and
2 will receive a payoff of C if playing Apoptosis while the other player is
playing Necrosis.
Table 3. Payoff Matrix of the Neutrophil Game.

Necrosis
(𝑝𝑝)

Necrosis
(𝑞𝑞)
𝑚𝑚: ITMs neutralized by
granules
per
necrotic
neutrophil
Player 1

Player 2

𝐴𝐴, 𝐴𝐴

Apoptosis
(1 − 𝑞𝑞)
𝑛𝑛: ITMs neutralized by
granules per apoptotic
neutrophil

𝐶𝐶, 𝐵𝐵

We specify the payoffs of the neutrophil game as follows:
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(1 − 𝑝𝑝)
𝐵𝐵, 𝐶𝐶
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𝐴𝐴 = −𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

(34)

𝐶𝐶 = 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

(36)

𝐵𝐵 = −𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝐷𝐷 = 2𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

(35)

(37)

When a necrotic entity plays the game with another necrotic entity, they both
receive the cost 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , which biologically corresponds to the local tissue
damage caused by the spilling out of the neutrophil’s cytoplasm contents
into the surrounding tissue. A necrotic entity playing with an apoptotic entity
receives a cost 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 corresponding to the tissue damage, and the benefit
of apoptosis 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 corresponding to the anti-inflammatory effects of
apoptosis during inflammation. It also follows that an apoptotic entity
playing with another apoptotic entity receives 2𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠𝑖𝑖𝑖𝑖 .
An overview of the biological mechanism and its mapping to evolutionary
game theory is summarized in Figure 12.
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Figure 12. Biological Mechanism to Evolutionary Game Theory Mapping. In the case of an insult or presence of inflammation triggering moieties in the tissue,
neutrophils circulating the bloodstream enters the tissue through the endothelial barrier. After the inflammation is fully neutralized by the neutrophils, they go into
a programmed death called apoptosis, which has anti-inflammatory effects on the system. However, if the insult is too intense or persistent, the neutrophils take
on a violent death pathway called necrosis that involves spilling out all of its cytoplasmic contents into the surrounding tissue, causing local tissue damage and
further aggravating inflammation. The table on the left summarizes the payoff matrix of the game that the neutrophils play. In the event that both players play
necrosis, each of them suffers a cost of 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁, pertaining to the local tissue damage each one endures. However, in the case when both players play apoptosis,
each one of them receives the benefit of apoptosis from itself as well as from the neutrophil it is playing with, garnering a payoff to a total of 2𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 .
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2.1.3. Mean-field Scheme
Let 𝐹𝐹(𝑞𝑞, 𝑝𝑝) be the average payoff to an individual playing necrotic “𝑞𝑞” of the
time in a population which overall plays Necrotic “𝑝𝑝” of the time.
𝐹𝐹(𝑞𝑞, 𝑝𝑝) = 𝑞𝑞𝑞𝑞𝑞𝑞 + 𝑞𝑞(1 − 𝑝𝑝)𝐵𝐵 + (1 − 𝑞𝑞)𝑝𝑝𝑝𝑝 + (1 − 𝑞𝑞)(1 − 𝑝𝑝)𝐷𝐷
− 𝑒𝑒 𝛼𝛼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

(38)

The last term in (38) models the cost of the remaining ITMs in the system.
An exponential is chosen to ensure that the last term in (38) does not
become negative. In addition, by using this exponential term, we were able
to match our model against the data as shown in the Results and Discussion
(Data Parameter Space), as well as being amenable to analytical
simplification. However, we do suspect that sub-linear forms such as
logarithms would not work since it would not necessarily outweigh the
linearly increasing positive pay-off contributions. We assume that the term
𝛼𝛼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 in Equation (38) corresponds to the global cost of the

individual playing necrotic with probability 𝑞𝑞 due to the “threat” of remaining
ITMs in the system, where 𝛼𝛼 is the “strength” of this global cost that we have
calibrated against the data presented in Results and Discussion.
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is defined as follows:
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑘𝑘 − 𝑝𝑝𝑝𝑝(𝑁𝑁𝑇𝑇 − 1) − 𝑞𝑞𝑞𝑞 − (1 − 𝑝𝑝)𝑛𝑛(𝑁𝑁𝑇𝑇
− 1) − (1 − 𝑞𝑞)𝑛𝑛

(39)

where 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 corresponds to the initial concentration of ITMs, 𝑁𝑁𝑇𝑇 is the
total number of neutrophils, 𝑛𝑛 corresponds to the amount of ITMs a single
apoptotic neutrophil could neutralize while 𝑚𝑚 is the amount of ITMs a single
necrotic neutrophil eventually neutralizes through the recruitment of
additional neutrophils, and 𝑘𝑘 models the observed power law behavior in the
data 84 of necrotic neutrophil population with respect to the initial
concentration of ITMs. See Section 2.1.7 for a more detailed explanation of
how 𝑘𝑘 was obtained.
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John Forbes Nash demonstrated that there is always at least one mixed
strategy equilibrium in a finite (i.e., having a finite number of strategies, in
our case two) game 96. In order to find this equilibrium, we calculate the
optimal strategy of a player choosing necrosis with probability 𝑞𝑞 by taking
the partial derivative of Equation (38) with respect to 𝑞𝑞 and equating it to
zero as shown in Equation (40).
𝑑𝑑𝑑𝑑(𝑞𝑞, 𝑝𝑝)
𝛿𝛿𝛿𝛿
= 𝑝𝑝𝑝𝑝 + (1 − 𝑝𝑝)𝐵𝐵 − 𝑝𝑝𝑝𝑝 − (1 − 𝑝𝑝)𝐷𝐷
− 𝛼𝛼(𝑛𝑛 − 𝑚𝑚)𝑒𝑒 𝛼𝛼[𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑘𝑘 −𝑝𝑝𝑝𝑝(𝑁𝑁 −1)−𝑞𝑞𝑞𝑞−(1−𝑝𝑝)𝑛𝑛(𝑁𝑁 −1)−(1−𝑞𝑞)𝑛𝑛]
𝑇𝑇
𝑇𝑇

(40)

=0

Because 𝐹𝐹(𝑞𝑞, 𝑝𝑝) = 𝐹𝐹(𝑝𝑝, 𝑝𝑝) when the optimal 𝑞𝑞 ∗ = 𝑝𝑝, it is clear to see that
𝐹𝐹(𝑞𝑞, 𝑝𝑝) reaches a maximum at 𝑞𝑞 ∗ = 𝑝𝑝, provided that 0 < 𝑝𝑝 < 1. Hence, the
optimal 𝑞𝑞 ∗ must be equal to 𝑝𝑝 in the stationary state. In fact, it would be
internally inconsistent if each neutrophil decides with probability 𝑞𝑞 while at
the same time the population average remains probability 𝑝𝑝 ≠ 𝑞𝑞.

The optimal value 𝑝𝑝 = 𝑞𝑞 ∗ represents the optimal population of necrotic
neutrophils given the values of payoff 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , global cost factor
𝛼𝛼, neutralizing factors 𝑚𝑚 and 𝑛𝑛, total neutrophils 𝑁𝑁𝑇𝑇 , and 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 .
𝑝𝑝 = 𝑞𝑞 ∗ = −

ln �

𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
� + 𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇 − 𝛼𝛼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑘𝑘
𝛼𝛼(𝑚𝑚 − 𝑛𝑛)
𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇 − 𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇

(41)

with the following technical constraints:

𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 ≠ 0
𝑚𝑚 ≠ 𝑛𝑛
𝛼𝛼 ≠ 0

(42)

In conclusion, we can define the average fitness 𝑭𝑭(𝒒𝒒, 𝒑𝒑) of necrosis by using
the payoffs specified in Table 3 together with the global cost of the
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remaining ITMs. In our model we optimize this average fitness during
evolutionary time. The game is played via mean-field interactions between
players represented by the average evolutionary fitness in Equation (38). The
game ends when an evolutionary stable point is achieved as specified in
Equation (40). This means that the percentage of necrotic population does
not change anymore through evolutionary time and is calculated in Equation
(41). The outcome of this evolutionary game corresponds to the stable
population dynamics, which we can then compare to that of biological
systems.

2.1.4. Cellular Automata
What we have described so far is a mean-field type of interaction where
neutrophils interact with equal probability with all the other neutrophils in the
system. In other words, each neutrophil “plays” the game with the ensemble
of all other neutrophils. However, in biological systems these interactions
among neutrophils (either direct or indirect through the release of cytokines
and other stimuli) are spatially limited by the characteristic lengths of
biological signals (such as diffusion lengths) that characterize the extent at
which these stimuli are released and propagated in the body. Hence, a meanfield assumption may neglect the role of spatial interactions observed in
biological systems 91, and may not in fact represent faithfully what we
observe biologically in real systems.
By utilizing cellular automata, we aim to gain deeper insights into the
microscopic interactions that occur among neutrophils when spatial
proximity is taken into account 91. We model this type of interaction by
utilizing cellular automata as follows.
First, we create an empty lattice of size 50 × 50. In our model, the entire
lattice space is interpreted to correspond to a small portion of tissue. In
order to model a bigger tissue that represents the entire body, we use
periodic boundary conditions in our simulations. Additionally, since we
assume a systemic inflammation, where ITMs are simultaneously
originating from various sources in the body, we assume that the
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concentration of ITMs are equally distributed all over the simulated lattice.
This follows that the distribution of the neutrophils in the tissue should also
be homogenous. Hence, a single lattice site is occupied by a neutrophil
entity, which, in the context of our model, refers to the neutrophil cell and the
tissue the neutrophil occupies. The 50 × 50 lattice site, therefore, contains
a total of 2500 neutrophils. Because we do not have spatial information of
choice of death pathway, we picked the simplest topological feature, which
is a square lattice site. We assume that the exact local spatial structure is
not important, as long as the locality of the interactions between neighboring
neutrophils in the tissue is reproduced in order to allow for local fluctuations.
Biologically, 2500 neutrophils occupy a volume of 1 𝑚𝑚𝑚𝑚3 in the blood 62.
However, this volume is increased by a factor of 15 as the neutrophils diffuse
from the bloodstream, a smaller “chamber” with volume approximately
equal to 5 Liters, into the tissue, which is a much larger “chamber” of 75
Liters, assuming an 80 kg person. One could then imagine that these 2500
neutrophils will be occupying a volume of 15 𝑚𝑚𝑚𝑚3 in the tissue, where a
single neutrophil occupies a 6 𝜇𝜇𝜇𝜇3 and the distance from one neutrophil to
the other is 6 𝜇𝜇𝜇𝜇. Our model is a simplification of the dynamics of
neutrophils in two dimensions, due in part to the limitation of spatial
information in the data. Hence, our lattice site that contains 2500 neutrophils
corresponds to a 0.3 𝑚𝑚𝑚𝑚2 patch of tissue. Neutrophils are able to
“communicate” with each other via the spillage of cytoplasmic content or
the release of chemical signals such as cytokines. The distance of one
lattice site to the adjacent site corresponds to 6 𝜇𝜇𝜇𝜇, which is a value that is
in fact well within the communication range of neutrophils via messenger
proteins called cytokines 97. Hence, a neutrophil entity is well able to
communicate with its nearest neighbors. We simplify this scenario in our
model by putting the neutrophil entities next to each other in the lattice.
Additionally, this reduced the processing time as the range of the Moore
neighborhood is simply a lattice site away.
ITMs are introduced homogenously by distributing the total ITM
concentration equally in the lattice. In the simulation, this is simply
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calculated by assigning the concentration of ITMs to a global value that is
neutralized at every iteration step, which corresponds to when an activated
neutrophil picks a strategy.
The algorithm commences by choosing an activated neutrophil randomly
inside the 50x50 lattice that is initially filled with 2500 activated neutrophils.
The chosen activated neutrophil plays the game based on the payoffs
summarized in Table 3 with all of its immediate neighbors in a Moore
neighborhood of range equal to 1 98.
The choice of strategy of an activated neutrophil is decided based on a
fitness comparison made by choosing either strategy. The payoff the
activated neutrophil gets from playing with all its immediate neighbors is
subtracted by the cost of the remaining ITMs in the system. We emphasize
that the fitness calculated in cellular automata is similar to the fitness we
calculated in the mean-field scheme: the fitness for picking a strategy is
subtracted by the cost or “threat” of the presence of ITMs that remain in the
system. This total payoff is compared for either apoptosis or necrosis. The
strategy with the greater payoff is chosen as the winning strategy for the
current iteration.
When the payoffs for going into apoptosis is exactly the same as deciding
on necrosis, the activated neutrophil takes the apoptotic pathway. We model
it this way because we assume that apoptosis is the default pathway that
neutrophils take with or without inflammation. It is after all a type of
programmed death that take place regardless of the intensity of
inflammation.
The process for a single activated neutrophil choosing a strategy
corresponds to a single iteration in the algorithm. The same steps are done
to all the activated neutrophils in the lattice. Hence, the algorithm stops
when all activated neutrophils have picked a strategy. The outcome is a
percentage of necrosis as well as apoptosis given the initial concentration
of ITMs.
What is known so far is that the more intense the inflammation is, the greater
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the percentage of necrosis. This means that in one way or another,
neutrophils have a way of “sensing” any presence of threat in the system
either directly from the concentration of ITMs nearby or indirectly via release
of chemicals from other neutrophils and immune cells. Mechanisms
regarding the recruitment of neutrophils into the site of inflammation have
been well-documented and is still largely an active field 99–101. However, the
extent to which an activated neutrophil “senses” this threat, remains
relatively unknown. What is known is that neutrophils are directed towards
an inflammation via the release of pro-inflammatory cytokines. Proinflammatory cytokines are produced by macrophages upon engulfment of
ITMs at the site of inflammation. Pro-inflammatory cytokines are also
produced when necrotic neutrophils neutralize ITMs. On the other hand, antiinflammatory cytokines, which controls the response of pro-inflammatory
cytokines, are secreted by macrophages upon phagocytosis of apoptotic
neutrophils. Hence, we introduce two hypothetical mechanisms for
calculating fitness, which will hopefully shed light to the biological
mechanisms: Local ITMs Scheme and Global ITMs Scheme.

Local ITMs Scheme explores the assumption that activated neutrophils
choose to go into apoptosis or necrosis based on two conditions: 1) intensity
of local inflammation – pertaining to the concentration of ITMs that are in
its proximity and 2) strategies of its immediate neighbors, which considers
the summation of strategies within the neighborhood much like a majority
rule. This condition is based on the cumulative effect of the release of
stimulators, such as pro- and anti-inflammatory cytokines by apoptotic and
necrotic neutrophils that are located within the immediate neighborhood of
the activated neutrophil.

Global ITMs Scheme, is motivated by the assumption, alternative to the one
used in the local ITMs Scheme, that activated neutrophils “sense” the overall
intensity of the ITMs as a result of faster diffusion of cytokines that would
provide information about the overall state of inflammation in the tissue. In
this scheme, activated neutrophils pick a strategy based on two conditions:
1) the cost of remaining ITMs is calculated for the entire lattice space and
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2) the cumulative strategies of its immediate neighbors. This is under the
assumption that the release of neutrophil by either apoptotic or necrotic
neutrophils are limited only within the immediate neighborhood where the
activated neutrophil is located.
We emphasize that condition 2 is the same for both local and global
schemes. We claim that sensing ITMs at a long distance is mediated by the
diffusion of cytokines. On the other hand, sensing the strategy of another
neutrophil in the system is related to the spill of cytoplasmic content which
we assume to diffuse at a slower speed. Hence, we only look into immediate
neighbors surrounding the activated neutrophil and assume that cytokines
diffuse faster than the cytoplasmic spill.
The summary of the cellular automata algorithm used is summarized in
Figure 13. The algorithm starts with a random lattice selection that is done
on a lattice initially occupied by activated neutrophils. If the selected
neutrophil is an activated neutrophil (and not an apoptotic or necrotic
neutrophil, which shall be present in the succeeding runs) the chosen
activated neutrophil plays the game with its immediate neighbours.
Depending on whether the ITMs scheme is global or local, the cost of
remaining ITMs is consequently calculated. If the payoff for necrosis is
greater than the payoff for apoptosis, the activated neutrophil goes into
necrosis. Otherwise, it goes into apoptosis. The choice for apoptosis or
necrosis corresponds to a single iteration in the cellular automata algorithm.
A checkpoint is then established (see diamond with text “necrotic +
apoptotic = initial activated neutrophils?”), which counts the total number of
apoptotic and necrotic neutrophils. If this value is equal to the initial number
of activated neutrophils, implying that all activated neutrophils have gone
into either apoptosis or necrosis, the algorithm ends. Otherwise, a random
lattice selection is made again until the checkpoint condition is satisfied.
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Figure 13. Summary of the Cellular Automata Algorithm. The iteration starts by randomly choosing a single
activated neutrophil in the lattice. The chosen activated neutrophil then plays the game with all its immediate
neighbors by calculating a payoff that is based on the payoff matrix specified in Table 3. The cost of
remaining ITMs, on the other hand is calculated depending on the ITMs scheme (local or global) selected.
The strategy with the higher payoff wins the game and is therefore chosen for this iteration. The absence of
an activated neutrophil in the lattice means the end of the algorithm. The final number of apoptotic and
necrotic neutrophils are counted.

2.1.5. Code Implementation and Repository
We used Python 3.7 on a 3.30 GHz Intel® Core™ i7-5820K CPU with 16.0 GB
RAM in all our simulations. The code has been uploaded to
https://github.com/avpresbitero/GON.

2.1.6. Model Results for a Changing Environment
In this section, we take a closer look into how the mechanisms we have
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identified (𝛼𝛼, 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , 𝑚𝑚 and 𝑛𝑛) contribute to the final distribution

of necrotic and apoptotic strategies in the system. In order to do this, we
explore how nature plays the evolutionary game to arrive at optimal fractions
of neutrophil population when certain parameters are varied. The motivation
for this is that certain factors that affect the cost and benefit of choosing
either strategy is assumed dependent on the type of environment the human
body is exposed to. We have identified the following parameters 𝛼𝛼,
𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , 𝑚𝑚 and 𝑛𝑛 as determining factors to the fitness of
neutrophils. However, due to a high degree of freedom that our model
exhibits, a global sensitivity analysis would not deliver meaningful results.
Hence, we vary the parameters one at a time for different values of 𝑚𝑚 and
look at the effect it has on the stable distribution of strategies in the system.

We start by looking at the optimal fractions of necrotic populations (𝑝𝑝) by
simultaneously varying the cost of necrosis (𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 ) and the amount of
ITMs a single apoptotic neutrophil can neutralize (𝑛𝑛) in Figure 14 (left
column) while fixing parameters 𝛼𝛼, 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , and 𝑚𝑚. Using our model, we

show that the system evolves to an optimal fraction of necrotic and
apoptotic neutrophils that corresponds to an increasing cost of necrosis as
well as increasing capacity of ITM neutralization by apoptotic neutrophils as
the insult intensifies. For the system to survive increasing threat due to ITMs,
the system to increase its ITM resolution capacity by increasing 𝑛𝑛 while also
making it costly to go into necrosis. Necrosis, in the biological point of view,
has detrimental effects to the system brought about by aggravating the
initial level of inflammation by generating more ITMs.
Next we vary the global cost (𝛼𝛼) and benefit of apoptosis (𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ) while

fixing 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , 𝑛𝑛, and 𝑚𝑚 as shown in Figure 14 (middle column). Here we
show that the system copes with increasing levels of insult by shifting the
optimized fractions of neutrophils towards decreasing global cost and
increasing the benefit of apoptosis. With all other parameters held constant,
that is with a fixed ITM neutralizing capacity of both apoptotic and necrotic
neutrophils coupled with also a fixed cost of necrosis, nature plays an
evolutionary game where the system copes with an increasing level of insult
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by lowering the cost imposed by the remaining ITMs and also by increasing
the benefit that can be reaped from the act of apoptosis via antiinflammatory factors.
Finally, in Figure 14 (right column), we vary 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 and 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 while fixing

the values for 𝑛𝑛, 𝑚𝑚 and 𝛼𝛼. Here we show that with increasing intensity of
insult, the optimized fractions of neutrophils are achieved after playing the
game only with increasing contributions from the cost of necrosis and
benefit of apoptosis. Hence, by increasing the cost to go into necrosis
coupled with increasing the anti-inflammatory effects of apoptosis, the
game finds stable concentrations of neutrophil populations.

There is an apparent transition of strategy from largely necrosis to apoptosis
(that is, from dominantly red to blue from left to right) as 𝑛𝑛 (left column),
𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (middle column) and 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑜𝑜𝑠𝑠𝑠𝑠𝑠𝑠 (right column) increases, thus

favoring apoptosis. Hence, we interpret that increasing the cost of necrosis
lowers the fitness for the necrotic strategy. Therefore, the system stabilizes
into apoptosis (apparent in left and right columns). Conversely, increasing
the cost of remaining ITMs (𝛼𝛼) in the system shifts the equilibrium to
necrosis. Note that we also see the same trends when 𝛼𝛼 is plotted with
respect to 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , the same as what we see in the middle column. Hence,
with increasing initial concentrations of ITMs, the stable evolutionary
strategies are shifted towards increasing 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 .
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Figure 14. Exploring the payoff matrix for (left column) 𝒄𝒄𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵 and 𝒏𝒏, (middle column) 𝜶𝜶 and 𝒃𝒃𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 and
(right column) 𝒃𝒃𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 and 𝒄𝒄𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵 with varying 𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊. The colors correspond to the evolutionary
stable fraction of necrotic neutrophils after the game is played for varying concentrations of initial insult. A
system that stabilizes at necrosis is shown dominantly red. Conversely, a system that stabilizes at apoptosis
is shown in blue. Note that black area denotes solutions that are invalid. This includes 𝑝𝑝 (fraction of necrotic
neutrophils) that do not lie within the interval [0,1], and those that do not obey the constraints set in Equation
(42). 𝑁𝑁𝑇𝑇 = 2500 was held constant for all simulations. On the left column, we set the value 𝛼𝛼 = 1.0,
𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 0.0001, and 𝑚𝑚 = 0.0015. In the middle column, 𝑛𝑛 = 0.0004, 𝑚𝑚 = 0.0008, 𝑐𝑐𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 0.0001 were
held constant. In the right column, 𝛼𝛼 = 1.0, 𝑛𝑛 = 0.0004, and 𝑚𝑚 = 0.0008 were fixed. The black area
corresponds to invalid solutions.

2.1.7. Data Parameter Space

Following the observation in 84, it was shown in-vitro that the proportion of
neutrophils going into apoptosis or necrosis actually depends on the scale
of insult. We utilize data on the peak values of necrotic population at time
point 24 hours. We also used an additional finding by Damas et al where they
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show that 500 ng/ml LPS corresponds to the fatal concentration of LPS in
humans, 53. This corresponds to 100% necrosis, where the level of
inflammation becomes uncontrollable due to the growing detrimental
effects of local tissue damage generated from necrosis and the lack of antiinflammatory functions from apoptosis. We are well aware that the
assumptions we make using our model is limited by the data that we have
at the moment. In particular, the power-law relation may turn out to actually
be a different functional relationship when more data would be collected.
However, the current work aims to provide baseline research to show what
the concepts behind the model can do. Although the analytical derivations
would change, we believe that the main methodology and qualitative
conclusions would remain unchanged. Hopefully, our work motivates other
researchers to take a deeper look into these concepts as well as invites
stakeholders to generate additional data.
The data in 84 reports a 17% baseline level of necrosis even in absence of
ITMs. This might be due to experimental setup and other laboratory
procedures of the in-vitro experiment. However, it is reasonable to assume
that no necrosis occurs in-vivo in absence of ITMs). Additionally, the data is
not normalized since in the experiments not all neutrophils measured were
in apoptosis or necrosis. For this reason, we correct the population of
necrotic neutrophils in the data by normalizing it with respect to the total
percentage of apoptotic and necrotic neutrophils used in the in-vitro study.
This normalization is necessary since our model does not take into account
the population of activated neutrophils that have not yet gone into apoptosis
or necrosis. We show that, after such normalization, the percentage of
necrotic neutrophils seem to exhibit a power-law behavior with respect to
the initial concentration of ITMs that trigger an inflammatory response.
We model this power-law behavior in Equation (43):
𝑝𝑝 − 𝛾𝛾 = 𝛽𝛽 ∙ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑘𝑘
100
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where 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 corresponds to the initial concentration of ITMs, 𝑘𝑘 =
0.0929, 𝛽𝛽 = e−0.6 and a constant term 𝛾𝛾, which we will explain shortly. In the
log-log plot we observe a linear relation between percentage of necrosis with
respect to the initial concentration of ITMs. This relation has an intercept on
the y axis of −0.6 and a slope k equal to 0. 0929.

Figure 15. Data Distribution and Model Output in Terms of Percent Necrosis (main) and Corresponding LogLog Plot (inset). Based on the log-log plot, the percentage of necrotic neutrophil population follows a powerlaw behavior with power 𝑘𝑘 = 0.0929. However, at initial concentration of 10 ITMs, the data point seems to
deviate from this power law behavior (inset), which is also seen slightly higher than the predicted percent
necrosis (main).

However, the data report 17% necrosis even without the presence of LPS. In
order to remove this baseline amount of necrosis from the experimental
dataset, we subtract a constant term 𝛾𝛾 = 0.17 in the power-law equation.
We consider this baseline necrosis as originating from sources other than a
systemic inflammation, which we do not take into account in our model.
In order to determine the parameter space of the EGT model which
reproduces this experimental relation, we compare Equation (43) with
Equation (41). It is easy to see that 𝛾𝛾 and 𝛽𝛽 are as follows:
𝛾𝛾 = −

𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
� + 𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇
𝛼𝛼(𝑚𝑚 − 𝑛𝑛)
𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇 − 𝛼𝛼𝛼𝛼𝑁𝑁𝑇𝑇

log �
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𝛽𝛽 =

1
𝑁𝑁𝑇𝑇 (𝑚𝑚 − 𝑛𝑛)

(45)

We
can
reduce
this
5-dimensional
parameter
space
(𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , 𝑚𝑚, 𝑛𝑛, 𝛼𝛼) to 4 dimensions by extracting 𝑛𝑛 from (45), which

is the equation shown in (46).

𝑛𝑛 = 𝑚𝑚 −

1
𝑁𝑁𝑇𝑇 𝛽𝛽

(46)

Based on Equations (44) to (46), we are able to identify the parameter space
for which the relation between necrosis and ITMs reported in the dataset is
fulfilled. In order to visualize the parameter space that satisfies all our
conditions we plot the solutions in Figure 16 to Figure 18.
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Figure 16. Data Parameter Space (𝜶𝜶, 𝒃𝒃𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨, 𝒄𝒄𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵). Each point in the plot corresponds to the
combination of parameters that satisfies the data. This 3-dimensional parameter data space can be better
visualized via an interactive plot, which we have uploaded to the following link:
https://github.com/avpresbitero/EGTN (1). The colors are chosen only to add visual depth to the plot,
where purple to yellow corresponds to increasing values of 𝛼𝛼. Nature has evolved into stable percentage of
necrotic and apoptotic neutrophils that correspond to a set of parameters (𝛼𝛼, 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴, 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁) that exhibit
direct proportionality towards each other. That is, with higher cost of necrosis, higher values for global cost
of remaining ITMs is preferred. This shows that nature made necrosis to be damaging on purpose for the
organism to make sure that this event only happens a few times, that is, only when necessary.

Nature, through a course of evolutionary time, has driven neutrophils to
adopt these specific set of parameter values shown in Figure 16. We show
that the system evolved into stable percentages of neutrophil population
that correspond to a combination of values of 𝛼𝛼, 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , where

these three parameters have direct proportionality towards each other. That
is, nature plays the evolutionary game and achieves stable percentages of
neutrophil population by simultaneously opting for lower cost of going into
necrosis while the global cost of remaining ITMs is also low. With higher
cost of necrosis, higher values for the global cost of remaining ITMs is
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preferred. A higher cost for necrosis means further aggravating the current
level of inflammation by inducing local tissue damage that increases the ITM
levels in the system. The system, in response, imposes higher global cost of
remaining ITMs in the system. This goes to show that nature might have
made the necrosis death pathway purposely damaging to the organism so
that the fitness will make sure that the events of necrosis are done only as
few times as possible.
We visualize the same data parameter space in terms of parameters 𝑚𝑚,
𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝛼𝛼 on the left panel (A) and 𝑚𝑚, 𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 , 𝛼𝛼 on the right panel (B) of

Figure 17. We show that when the threat of remaining ITMs is high, the
evolutionary stable percentages of neutrophil population for high, or
effective resolving capacity of neutrophils, correspond to a low range of
values for benefits of apoptosis (A), and by Equation (46), low range of
values for costs of necrosis (B). This range of values for benefits of
apoptosis and costs of necrosis become narrower and spans lower values
when the threat of remaining ITMs is low. This is shown by the narrow
wedge shape located at the bottom of the plot of panel A (shown in purple).
This shows that nature could not have only made necrosis deliberately
detrimental to the organism, it also could have made the anti-inflammatory
benefits of apoptosis more effective especially when the presence of
remaining ITMs in the system becomes increasingly threatening.
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Figure 17. Data Parameter Space (𝒎𝒎, 𝒃𝒃𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 , 𝜶𝜶). Each point in the plot corresponds to the combination of
parameters that satisfies the data. This 3-dimensional parameter data space can be better visualized via an
interactive plot, which we have uploaded to the following link for (A) and (B) respectively:
https://github.com/avpresbitero/EGTN (2) and (3). The colors are chosen only to add visual depth to
the plot, where purple to yellow corresponds to increasing values of 𝛼𝛼. The evolutionary stable percentages
of neutrophils correspond to lower benefits of apoptosis and costs of necrosis when the costs of remaining
ITMs become threatening to the system. Stronger resolving power of ITMs, or higher values of 𝑚𝑚, correspond
to narrower range and lower benefits of apoptosis and costs of necrosis in the data parameter space. Despite
making necrosis detrimental to the system, nature balances the collective effect of the intrinsic property of
neutrophils, cost of necrosis and benefit of apoptosis. Nature could have also made the anti-inflammatory
benefits of apoptosis more effective especially when the presence of remaining ITMs becomes increasingly
threatening to the organism.

Furthermore, with stronger resolving power of ITMs, or the higher 𝑚𝑚 is, the
narrower the range of values for benefits of apoptosis and costs of necrosis,
which spans lower values in the data parameter space. This goes to show
how well the system compensates by choosing combinations of parameters
that balance the intrinsic property of neutrophils to neutralize ITMs, the
damaging effects of necrosis, and the anti-inflammatory benefit of
apoptosis.
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The preference for range of costs of necrosis and benefits of apoptosis at
lower values with increasing ITM-resolving capacity 𝑚𝑚 is also apparent in
the data parameter space shown in Figure 18. Nature could have made
necrosis intentionally detrimental to the system, but when the intrinsic
property of neutrophils to neutralize ITMs is favorable, costs for necrosis
and the benefits of apoptosis adjust accordingly by having lower values.
Nature could have chosen to maximize the organism’s fitness by limiting the
number of neutrophils that go into apoptosis or necrosis when even a small
amount of neutrophils can completely resolve the inflammation. By doing
so, the organism has conserved a considerable amount of energy, which is
favorable for its survival.

Figure 18. Data Parameter Space (𝒎𝒎, 𝒃𝒃𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨 , 𝒄𝒄𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵𝑵). Each point in the plot corresponds to the
combination of parameters that satisfies the data. This 3-dimensional parameter data space can be better
visualized via an interactive plot, which we have uploaded to the following link:
https://github.com/avpresbitero/EGTN (4). The colors are chosen only to add visual depth to the plot,
where purple to yellow corresponds to increasing values of 𝑚𝑚. With increasing ITM resolving strength of
neutrophils, low range of values for costs of necrosis and benefits of apoptosis correspond to evolutionary
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stable percentages of neutrophil population. That is, with favorable intrinsic ITM resolving properties of
neutrophils is compensated by lowering both costs of necrosis and benefits of apoptosis to maximize the
overall fitness of the system.

2.1.8. Emergence of Necrosis Among Neutrophils with
Limited Interactions in Cellular Automata Scheme
We use all the combinations of parameters derived in the mean-field scheme
that corresponds to the experimental relation as input parameters for game
played in the cellular automata algorithm. We do this under the assumption
that these combinations of parameter values correspond to those that have
been optimized during evolution by nature. The Global ITMs scheme
assumes that an activated neutrophil bases its strategy on the strategy of
its immediate neighbors and the total concentration of ITMs in the system.
Here we explore a lattice size of 50 × 50, so that the entire lattice is occupied
by all 2500 neutrophils. In order to model systemic inflammation where
ITMs are everywhere in the body, we 1) distribute the initial concentration of
ITMs uniformly over the lattice and 2) assume periodic boundary conditions
to assume a larger area of the tissue that corresponds to the entire body.
Our results are summarized in Figure 19.

Figure 19. Emergence of Cooperation in Restricted Interactions via Cellular Automata (main) and
Corresponding Log-Log Plot (inset). Global ITMs scheme refers to when neutrophils are able to detect the
concentration of ITMs in a global scale. Local ITMs scheme, on the other hand, refers to when the neutrophils
could detect the concentration of ITMs only within a certain range that is immediate to the activated
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neutrophil. Each point in the plot corresponds to the mean percentage of necrosis calculated from the cellular
automata algorithm for all combinations of parameter values in the data parameter space given the initial
concentration of ITMs. Error bars correspond to the standard deviation from the mean of percentage of
necrosis calculated for all combinations of parameters in the data parameter space.

The results using the Global ITMs scheme fits well with the data. On other
hand, the percentage of necrosis in the Local ITMs scheme shows that
regardless of initial ITM concentration, necrosis is always the dominant
strategy and that this percentage of necrosis is maintained at about 100%.
The results of our simulations provide numerical evidence that indeed,
neutrophils need sufficient information regarding the intensity of
inflammation, which may biologically pertain to stimuli that originates
directly or indirectly (via pro-inflammatory cytokines and other substances
released by cells in the innate immune system) from the source of ITMs. On
the other hand, relying solely on local stimuli that originate from surrounding
cells would be an insufficient deciding measure for neutrophils to pick a
death pathway.
Snapshots of what the Global ITMs lattice looks like for various initial
concentrations of ITMs evolving through time are summarized in Figure 20.
Note that a single time step in our simulation corresponds to a single
iteration in the algorithm where an activated neutrophil chooses a strategy
based on a computed fitness. It is apparent that in a system with lower
concentration of ITMs, necrotic neutrophils are better off isolated. This
implies that their payoffs are maximized if they are situated away from the
other necrotic entities, most likely to avoid aggravating the cost of necrosis
which we interpret biologically as local tissue damage. On the other hand,
apoptotic neutrophils tend to form clusters and position themselves in
between necrotic neutrophils to maximize their payoffs. However, the
tendency of necrotic neutrophils to isolate themselves is not evident in a
system with higher concentration of ITMs. At 500 ITMs, we observe that
necrotic neutrophils tend to cluster together, which can be biologically
interpreted as the process when necrotic neutrophils intentionally aggravate
inflammation by inducing local tissue damage.
We emphasize that the simulations shown in Figure 20 aim to show how
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certain strategies dominate and propagate in the system through the course
of time. Showing these dynamics provide a snapshot of how the system
behaves at a particular point in time based on rules we specified in the payoff
matrix. With minimal insult (0 ITMs), the system opts to take apoptosis as
the optimal choice of strategy. However, when faced with an intense
magnitude of insult (500 ITMs), activated neutrophils prefer to go into
necrosis early on in the iteration, assumedly as an attempt to purposely
aggravate the inflammation, which, biologically speaking, enhances the
innate immune system’s response by recruiting more immune cells into the
tissue. Apoptosis comes on later in the iteration as an attempt to exercise
their anti-inflammatory benefits. Indeed, the higher the magnitude of insult
is, the higher the overall benefit necrosis contributes to the survival of the
system, which is not only prominent at the end point of the iteration, but also
is observed at the beginning of the iteration process. In fact, this
corresponds well to what is observed in data 84. The authors were able to
show that through the course of 36 hours, apoptosis slowly increases and
dominates when the insult is minimal. However, with higher magnitude of
ITMs, apoptosis remains minimal, and only shows a slight increase at the
end of the experiment (see Figure 2 in 84).

500 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

0 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

Legend: Activated | Necrotic | Apoptotic

Figure 20. Global ITMs Scheme. Snapshots of the 𝟓𝟓𝟓𝟓 × 𝟓𝟓𝟓𝟓 lattice for 0 and 500 ITMs through iteration time
(left to right). Green in the lattice corresponds to activated neutrophils, red to necrotic neutrophils, and blue
to apoptotic neutrophils. Apoptosis (blue) remains dominant with less concentration of ITMs (top right).
Conversely, necrosis (red) dominates with intensifying level of inflammation (bottom right). At 0 ITMs,
necrotic neutrophils are better off isolated, which could be interpreted biologically as the system’s way to
minimize local damage by allowing apoptotic neutrophils to settle in the space that separates them.
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Increasing the concentration of ITMs to 500, however reveals clustering of necrotic neutrophils together,
which intensifies local tissue damage thus further aggravating the level of inflammation in the system. Using
cellular automata to model the choice of death pathway reveals behaviors that emerge from microscopic
interactions. We investigate these microscopic behaviors by looking at the cumulative number of activated
neutrophils that go into necrosis per unit timestep. Our results are summarized in Figure 21.
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Figure 21. Cumulative number of necrotic neutrophils per time step in cellular automata. A single iteration
corresponds to a single time step, where an activated neutrophil is made to choose a strategy. The plots
correspond to the average number of necrotic neutrophils from 20 randomly chosen parameters in the data
parameter space and the error bars correspond to the standard deviation.

The bold lines in the plots correspond to the average number of necrotic
neutrophils obtained per timestep by setting 20 combinations of parameters
which we have randomly chosen from the data parameter space. Here we
show that the cumulative number of activated neutrophils going into
necrosis stabilizes at points that follow a linear trend with respect to the
iteration time step. Note that a single time step corresponds to a single
iteration where an activated neutrophil chooses to go into apoptosis or
necrosis. This is simply because a single iteration limits a single activated
neutrophil to go into apoptosis or necrosis. In our simulation, the preferred
strategy in the early part of the iteration is necrosis, which means that proinflammatory functions due to local tissue damage comes first, followed by
apoptosis, which induces anti-inflammatory signals. Note that each iteration
step here does not directly correspond to the biological time frame. That is,
we only look at the end point where stable strategies are achieved.

2.1.9. What Kind of Game Are the Neutrophils Playing?
In this section we identify where the neutrophil game lies among existing
games known in game theory. Based on the payoff values specified in Table
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3, it is easy to see that what we have is a symmetric game, where the payoffs
are only dependent on the strategies employed, but not on the players. More
so, the payoff inequality of 𝐷𝐷 > 𝐶𝐶 > 𝐵𝐵 > 𝐴𝐴 perfectly describes a so-called
deadlock game, where the strategy that is mutually beneficial is also the
most dominant – apoptosis. However, due to the added effect of global cost
to the average payoff as in (38), instead of having a pure strategy dominating
as the Nash equilibrium (apoptosis, in this case), a mixed Nash equilibrium
is observed as stable equilibrium.
It is easy to show that a mixed Nash equilibrium does not exist when the
global cost term is not taken into account. The average payoff 𝐹𝐹(𝑞𝑞, 𝑝𝑝) of an
individual playing necrotic with probability “𝑞𝑞” in a population, which overall
plays necrotic with probability “𝑝𝑝” would then be given by:
𝐹𝐹(𝑞𝑞, 𝑝𝑝) = 𝑞𝑞𝑞𝑞𝑞𝑞 + 𝑞𝑞(1 − 𝑝𝑝)𝐵𝐵 + (1 − 𝑞𝑞)𝑝𝑝𝑝𝑝 + (1 − 𝑞𝑞)(1 − 𝑝𝑝)𝐷𝐷

(47)

We can calculate the optimal 𝑞𝑞 by taking the derivative of the average fitness
cost as shown below:
𝑑𝑑𝑑𝑑(𝑞𝑞, 𝑝𝑝)
= 𝑝𝑝𝑝𝑝 + (1 − 𝑝𝑝)𝐵𝐵 − 𝑝𝑝𝑝𝑝 − (1 − 𝑝𝑝)𝐷𝐷 = 0
𝛿𝛿𝛿𝛿

(48)

Substituting the exact values from the payoff matrix in Table 3 leads us to
the following inequality:
−𝑝𝑝𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + (1 − 𝑝𝑝)�−𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 � − 𝑝𝑝𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
− (1 − 𝑝𝑝)2𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 0
−𝑐𝑐𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ≠ 0

(49)

The value 𝑝𝑝 is undefined when searching for a mixed equilibrium where the
fitness of going into apoptosis and that of necrosis is equal. This shows that
indeed, a mixed Nash equilibrium does not exist for the game of neutrophils
when the global cost term is omitted from the average fitness equation. This
also implies that the global cost is necessary to replicate the percentage of
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neutrophils observed in data. This exact mechanism also matches with the
cellular automata scheme, where we show that information on the global
concentration of remaining ITMs in the body via direct or indirect stimuli is
necessary in order for the neutrophils to function as they do to resolve
inflammation in the body. This global rule that appears to be the driving force
for cooperation, which we refer to as necrosis, has been explored in a
previous study 102. Indeed, having global information of the system is
sufficient to drive the percentages of necrotic and apoptotic population that
are needed to resolve the inflammation in the body.

2.1.10. Summary and Conclusion
Inspired by evolutionary game theory we construct a game that describes
the choice between two death pathways for neutrophils exposed to various
levels of insult. Although the game of neutrophils resembles a dead lock
game, the characteristics of this evolutionary game are those of a mixed
strategy game where the evolutionary stable strategies are a combination
of apoptotic and necrotic strategies. We demonstrate that using the payoff
matrix alone cannot describe the stable evolutionary states that lead to the
delicate balance between the two death pathways. Instead, the global cost
of remaining ITMs is necessary to replicate the percentage of neutrophils
observed in data. Using our model, we reproduce the power-law behavior
exhibited by the percentage of necrotic neutrophils with respect to different
levels of ITMs in data. We also use data to reconstruct the space of possible
evolutionary games which nature could have played to optimize the balance
between apoptosis and necrosis depending on the level of insult. Using
evolutionary game theory, we are able to identify and relate the mechanisms
such as the benefit of apoptosis, cost of necrosis, strength of ITM resolution
by apoptotic and necrotic neutrophils, and the global cost factor of
remaining ITMs in the system that altogether contribute to the overall cost
and benefit that establishes the optimal balance between necrosis.
Hence, using our simple model, we are able to pinpoint the driving
mechanism that leads to the percentage of necrosis and apoptosis that
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reproduces the data – global cost of remaining ITMs. More importantly, we
provide numerical evidence that neutrophils need sufficient information of
the scale of inflammation in its entirety in order to choose a death pathway
effectively by utilizing cellular automata.

114

2.2

Challenging the evolution of
cooperation in a community
governed by central control

Presbitero, A., Monterola, C.

Physica A: Statistical Mechanics and Its Applications
511, 378-388 (2018)

Chapter 2.2 Challenging the Evolution of Cooperation Governed by Central Control

2.2

Challenging the Evolution of
Cooperation Governed by Central
Control
Abstract
Self-organization of cooperative behavior has been particularly interesting
especially in communities where selfishness dominates more than social
cooperativeness. These situations have often been described by the spatial
prisoner’s dilemma game. In reality, however, a centralized control is often
necessary to establish social order. But the robustness of this established
social cooperation remains unclear. Using the spatial prisoner’s dilemma,
we explore the evolution of cooperation not only in a community governed
by central control, but also in selfish and realistic (law-abiding but selfish
individuals) communities, by introducing two sources of stochasticities:
defection-driven noise and stochastic payoff mutations. Individuals could
imitate their best-performing neighbors, migrate to better locations, or do
both. We show that although the presence of a central control is able to drive
and maintain cooperation that is robust even in the presence of noise, social
cooperation instantly collapses in the presence of defection-driven noise
when migration alone is the only viable option. We also show that stochastic
This subchapter is published as “Presbitero, A., & Monterola, C. (2018). Challenging the evolution of social cooperation in a community governed by
central control. Physica A: Statistical Mechanics and Its Applications. https://doi.org/10.1016/j.physa.2018.08.008.”
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payoff variations enhance cooperation in realistic communities, while selfish
communities are highly susceptible to defection-driven noise and stochastic
payoff mutations.

Keywords: game theory, emergence of cooperation, prisoner’s dilemma

This subchapter is published as “Presbitero, A., & Monterola, C. (2018). Challenging the evolution of social cooperation in a community governed by
central control. Physica A: Statistical Mechanics and Its Applications. https://doi.org/10.1016/j.physa.2018.08.008.”
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2.2.1.

Introduction

Cooperation comes in many forms and exists in various levels of biological
and social hierarchies. Despite being common in nature, cooperation
remains vulnerable from exploitation through acts of selfishness 103,104. In
order to understand the emergence and prevalence of cooperative behavior
among selfish individuals, scientists turn to concepts in evolutionary game
theory 11,105–110. The most established paradigm among which is the
evolutionary prisoner’s dilemma game (PD). PD is a two-person game that
makes use of two strategies: cooperation and defection. Mutual cooperation
pays each player a reward R, while mutual defection costs them each
punishment P. When the players choose different strategies, the defector
receives the temptation to unilaterally defect T and the cooperator acquires
the ‘‘sucker’s pay-off’’ S. Classical PD is formally described by the following
inequalities: 𝑇𝑇 > 𝑅𝑅 > 𝑃𝑃 > 𝑆𝑆 and 2𝑅𝑅 > (𝑆𝑆 + 𝑇𝑇). The stable state, or so-called
Nash equilibrium, is mutual defection. This means that although mutual
cooperation yields the highest collective payoff, rational individuals are
naturally inclined to defect at all times. PD creates a social dilemma where
there is conflict of interest between what is best for the individual, and what
is best for the community.
For the past couple of decades, a vast amount of work has been devoted
into understanding the emergence of cooperation. Pioneers in the field are
Nowak and May with their seminal work on the evolution of cooperation in
the spatial PD 111. This triggered the development of various mechanisms in
promoting cooperation such as reward 112,113, punishment 114–119, mobility
120–123
, and even noise 124–127. A comprehensive review of understanding
human cooperation in the context of co-evolutionary games can be found in
128
and 129. Most of these works deal with selfish individuals that constantly
strive at improving their current situation with little to no regard for others,
nor the community they are part of. We argue that social cooperation is
achieved more efficiently in the presence of a centralized control, such as a
governing body that establishes social order. Individuals, therefore, choose
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strategies that benefit the entire community, hence, in a sense, altruistic.
Altruism, apart from selfishness, is prevalent in nature, and is in fact an
innate strategy for reinforcing survival 130. This behavior is seen in slime
molds 130, honeybees 131, and rats 132. Two experiments conducted
separately by Capraro et al. 133 and Crockett et al. 134 demonstrates that
altruism is preferred over selfish acts among rational individuals. Helbing
and Yu studied the emergence of cooperation among selfish individuals
through success-driven migration where players assess a potential
destination through fictitious play 11. We extend Helbing and Yu’s model by
analyzing the evolution of cooperation in a community controlled by a
governing body. This centralized control implements laws so that individuals
could only choose strategies that could either improve or preserve the
collective payoff of the community. In our paper, we call this type of
interaction among individuals as ‘‘global interactions’’ in a sense that the
individuals are well aware of how their choice in strategies would affect the
collective payoff of the community. Whereas we refer to the interactions
among individuals in Helbing and Yu’s model as ‘‘local interactions’’ since
individuals only ‘‘play’’ with their immediate neighbors. Local and global
interactions provide ways to understand how cooperation evolves in a
community composed of completely selfish, and completely altruistic
individuals respectively. In real-world negotiations, however, ‘‘realistic’’
individuals do not blindly oblige to central control. Instead, initially, they
assess the benefit they would receive if they were to choose a particular
strategy (much like in local interactions), and finally, if the strategy is in
accordance with the rules of the governing body. We call these interactions
among individuals as ‘‘local–global interactions’’ in the sense that individuals
take into account what is best for themselves as well as the community.
Finally, in order to test the sensitivity of the evolved social cooperation in
local (selfish), global (altruistic) and combined interactions (realistic), we
introduce two sources of stochasticities into the community namely:
defection-driven noise (Noise 1), and stochastic payoff variations (Noise 2).
We show that the mere existence of an imitation regime in a global
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community structure suffices to drive the emergence of cooperation among
majority, if not all of the individuals in the community. The resulting
cooperation is in fact more robust and evolves faster than cooperation due
to local and combined interactions. Interestingly, increasing stochastic
payoff variations (Noise 2) in combined local–global interactions found in
realistic communities, enhanced the formation of cooperation that is robust
— a behavior that is counter-intuitive but also has a striking similarity with
the pioneering work of Lotem et al. which demonstrated that the presence
of defectors, to some extent, paradoxically allows the persistence of
cooperation 135. Lotem et al.’s idea has been extended to concepts such as
the punishment system 136, and social vaccine 137. Additionally, works by
Perc et al. were one of the significant works that showed variations in
payoffs, either quenched or dynamic, promote cooperation 138,139.

2.2.2. Imitation and migration in spatial prisoner’s
dilemma
It has been shown that social cooperation can emerge from a community
that is dominated by selfish individuals through repeated interactions
among neighboring entities 103. Rational individuals always try to improve
their current situation. In order to do so, individuals normally adapt to their
environment by copying the strategy of their best-performing neighbor
(“imitation”). Individuals can also relocate to a better neighborhood if the
current neighborhood does not suit their needs (‘‘migration’’) 11. However,
random relocations, strategy alterations, and other sources of
stochasticities (‘‘noise’’) could significantly challenge the formation of
cooperation in a community. In order to look into the sensitivity of this
evolved cooperation with respect to noise, we compare two sources of
stochasticities: 1) Noise 1, which allows strategy mutations that favor
defection 95% each time the prisoner’s dilemma game is played, and 2)
Noise 2, an additive white Gaussian noise that stochastically mutates the
individuals’ payoffs.
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Table 4. Values on the left of each column correspond to payoffs of Individual i while values on the right are
for In- dividual j. The Prisoner’s Dilemma payoff matrix highly favors defection for both individuals, a
phenomenon known as Nash Equilibrium. Say for instance, if Individual i chooses either to cooperate (payoff
equal to 1) or defect (payoff of 1.3), Individual j will choose to defect at all times since defection gives more
favorable payoffs equal to 1.3 and 0.1 respectively. Whereas cooperation, on the other hand, gives lesser
payoff values equal to 1 and 0 respectively. The same circumstances apply if Prisoner 2 was made to
strategize first.

Player i

Player j

Cooperate
Defect

Cooperate

Defect

1 + 𝜉𝜉𝑖𝑖 , 1 + 𝜉𝜉𝑗𝑗

0 + 𝜉𝜉𝑖𝑖 , 1.3 + 𝜉𝜉𝑗𝑗

1.3 + 𝜉𝜉𝑖𝑖 , 0 + 𝜉𝜉𝑗𝑗

0.1 + 𝜉𝜉𝑖𝑖 , 0.1 + 𝜉𝜉𝑗𝑗

We begin our simulation by randomly placing N individuals inside a square
lattice, where 50% of which are cooperators and the other 50% are defectors.
The square lattice has 𝐿𝐿 × 𝐿𝐿 sites that could either be empty or occupied and
is set to follow periodic boundary conditions. Each individual in the lattice is
updated, either strategy-wise (i.e. switches strategy) or location-wise (i.e.
individual transfers to another lattice site), asynchronously in a random
sequential manner.
We look into the evolution of social cooperation in three schemes: imitation,
migration, and combined imitation and migration for three types of
interactions: local, global and local–global interactions. Note that for the
imitation scheme, an individual is only allowed to imitate and not migrate or
relocate to another lattice site all throughout the simulation. The same goes
for migration scheme, where individuals only migrate or relocate but not
imitate. In the combined imitation– migration scheme, however, individuals
do migration first, followed by imitation to model how individuals who are
moving from one neighborhood to another adapt to their new environment
through imitating their best-performing neighbors. We further describe them
in detail below.
Local interactions assume that individuals are completely selfish, and only
choose strategies that would benefit them the most. We refer to a
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community interacting mostly through local interactions as a selfish
community. Global interactions assume altruistic behavior, where
individuals only choose strategies that either increases or maintains the
overall payoff of the community. This scenario is comparable to a central
control that establishes social order in a community. We refer to a
community interacting mostly through global interactions as an altruistic
community. Local–global interactions assume that individuals choose a
strategy that benefits both self and community. We refer to a community
interacting through local–global interactions as a realistic community.
In the imitation scheme, a randomly selected individual simultaneously
compares payoff with m 8 immediate neighbors and copies the strategy of
the best-performing neighbor: No Noise.
Noise 1 (defection-driven noise) assumes that the strategy of the bestperforming neighbor is copied with probability 1 − 𝑟𝑟. But with probability,
the individual’s strategy ‘‘resets’’. Reset means that the individual either
cooperates with probability 𝑞𝑞 or defects with probability 1 − 𝑞𝑞.

Noise 2 (stochastic payoff variations) is implemented as follows. The PD
payoff matrix inTable1is subjected to temporal and spatial white additive
Gaussian noise (AWGN) satisfying the correlation function given below 140:
𝜉𝜉𝑖𝑖 (𝑘𝑘)𝜉𝜉𝑗𝑗 (𝑙𝑙) = 𝜎𝜎 2 𝛿𝛿𝑖𝑖𝑖𝑖 𝛿𝛿𝑘𝑘𝑘𝑘

(50)

Indices 𝑖𝑖, 𝑗𝑗 correspond to two neighboring players, while 𝑘𝑘, 𝑙𝑙 refer to two
consecutive pair interactions. An individual i can adopt the strategy of
nearest neighbor j with the following probability:
𝜔𝜔(𝑖𝑖 ← 𝑗𝑗) =

1

1 + 𝑒𝑒

𝑆𝑆𝑖𝑖 −𝑆𝑆𝑗𝑗
𝐾𝐾

(51)

where 𝑆𝑆𝑖𝑖 and 𝑆𝑆𝑗𝑗 are the cumulative payoffs of individuals 𝑖𝑖 and 𝑗𝑗 respectively

and 𝐾𝐾 is the uncertainty to which a strategy is adopted satisfying the
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inequality 0 < 𝐾𝐾 < 1. Without loss of generality, we set 𝐾𝐾 to 0.1 as adapted
from 141 where it has been shown that the qualitative results would still be
the same even with a deterministic adoption rules where better (worse)
performing individuals are always (never) adopted.
‘‘Migration’’ is described as follows. A randomly selected individual plays
fictitiously by checking prospective payoffs at sites that are available within
the migration neighborhood of size (2𝑀𝑀 + 1) × (2𝑀𝑀 + 1) (𝑀𝑀 is the range of
the Moore neighborhood). If the fictitious payoff at the new location is
greater than in the current location, the individual relocates to the new
location. In cases when several sites have the same payoff, the individual
moves with equal probability to any of these sites; otherwise, it stays put: No
Noise. After implementing the migration scheme, Noise 1 resets the selected
individual’s strategy to either cooperate, with probability q, or defect, with
probability 1 q. Noise 2 integrates stochastic variations in payoffs, while
following the No Noise migration scheme. A combined imitation and
migration scheme implements the imitation scheme first followed by
migration scheme. See Figure 22.

2.2.3. Entropy and index of dissimilarity as tools for
measuring segregation and clustering
Segregation and clustering among individuals are analyzed through index of
dissimilarity (ID) and entropy (S) 142,143. These measures are used to
quantitatively assess the spatial distribution of cooperating and defecting
individuals in the virtual community.
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Figure 22. Community behavior for imitation, migration, and combined imitation and migration schemes for Noise 1 (defection-driven noise).
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Demographers have first developed the concept of index of dissimilarity as
means to calculate degree of segregation in residence patterns among
ethnic groups. For example, in a country with individuals either belonging to
one of two types of nationalities, an index of dissimilarity equal to one means
nationalities 1 and 2 are fully segregated in the country. An index of
dissimilarity equal to zero, on the other hand, implies an even distribution of
both nationalities in the country 144. For a geographic area partitioned by M
number of boxes, the index of dissimilarity is calculated through the
following formula:

𝐼𝐼𝐼𝐼 =

𝑀𝑀

1
��𝑝𝑝1𝑖𝑖 − 𝑝𝑝2𝑖𝑖 �
2

(52)

𝑖𝑖=1

where 𝑝𝑝1𝑖𝑖 and 𝑝𝑝2𝑖𝑖 are the fractions of individual 1 and 2 respectively in box i.

Entropy (S), on the other hand, is used to measure aggregation or clustering
of individuals in a geographic area. Lower levels of entropy imply greater
levels of order and/or clustering. Entropy is represented by the following
formula:
𝑀𝑀

𝑆𝑆 = − � 𝑝𝑝𝛼𝛼𝑖𝑖 𝑙𝑙𝑙𝑙 𝑝𝑝𝛼𝛼𝑖𝑖

(53)

𝑖𝑖=1

where 𝑝𝑝𝛼𝛼𝑖𝑖 is the fraction of individual 𝛼𝛼 (either cooperating or

defecting individual) in the 𝑖𝑖th box 142.

2.2.4. Impact of defection-driven noise and random payoff stochasticities on selfish, altruistic, and realistic
communities
Helbing and Yu 11 showed that cooperation in a prominently defectioninfested community can only evolve by combining two different schemes:
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(1) imitation, where individuals copy their best-performing neighbors, and (2)
migration, where individuals migrate to potential locations that offer more
benefits than in the current location (Figure 23C). We show that a selfish
community is susceptible to defection-driven noise (Noise 1), where
strategies are flipped to defection 95% of the time, when imitation alone is
the only viable option. Although combining imitation with success-driven
migration somehow managed to increase the percentage of cooperators,
migration is not able to maximize the population of cooperators in the
community (Figure 23F). Interestingly, this result is in stark contrast when
stochastic payoff variations (Noise 2) are introduced (Figure 23I). Adding
Gaussian noise into the payoff matrix is able to drive majority of the
community to cooperation, albeit slower than without noise, especially when
imitation is combined with success-driven migration.
A community composed of altruistic individuals is able to drive majority of
the community to cooperation almost instantly, while constantly
maintaining this percentage of cooperators over time (Figure 23A). This
percentage is increased to a maximum especially when imitation is
combined with success-driven migration (Figure 23C). One could argue that
indeed, this is as expected since the collective payoff of the community is
maintained to a maximum at each iteration step. However, the number of
cooperators in an altruistic community is still maintained at a relatively high
percentage even in the presence of noise, making global interactions robust
to attacks via defection (Figure 23D, F, G, and I). An altruistic community with
only migration as choice of strategy, however, is shown to be highly
susceptible to defection-driven noise as in Figure 23E. Migration gives
individuals the opportunity to scout for better neighborhoods. But as soon
as individuals are relocated, defection-driven noise takes over and flips
strategies to defection, that even an “all–seeing” centralized government is
not able to overcome such “unforeseen” circumstances. Every time an
individual migrates and mutates to defection, there lacks a balancing
mechanism that would be able to pull defection back into cooperation.
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Imitation provides exactly this mechanism by copying strategies that best
benefit the community. Perhaps, one could imagine a real-world scenario
where a governing body, such as a group of law enforcers, implements taxes
in a community aimed for the betterment of human lives. Taxes are used to
raise funds for the construction of better infrastructures, research and
development for medical care, and the manufacture of cheaper and readily
accessible commodities. Individuals have the option to be honest
(‘‘cooperate’’) or lie (‘‘defect’’) about their income statements, from which, of
course, taxes are calculated from. This creates a social dilemma between
what is best for the individual, and what is best for the community in the long
run.
In a ‘‘realistic’’ scenario, where individuals choose strategies beneficial for
themselves as well as for the community, we observe certain behaviors that
are shared between selfish and altruistic communities. Although central
control is able to drive individuals’ strategies to cooperation, local rules limit
the players’ interactions with neighboring entities only. As a consequence,
realistic communities are also susceptible to defection-driven noise (Noise
1), much like selfish communities as seen in Figure 23D. Imitation combined
with migration allows individuals to initially relocate to better neighborhoods
then copy their best-performing neighbor. Adding defection-driven noise
mutates strategies to defection right before imitation. Realistic individuals
escape defection through relocation and imitation. This initially promotes
cooperative behavior. However, constant bombardment of defection from
defection-driven noise inhibits the full emergence of cooperation. Combined
selfish and altruistic behaviors seems to slow down the collapse of
cooperation in the community (Figure 23F).
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Figure 23. Simulation results after 400 iterations of one out of ten realizations in selfish (‘‘local’’), altruistic (‘‘global’’), and realistic (‘‘local–global’’) individuals. In an
altruistic community (global), imitation alone is able to drive cooperation even in the presence of noise. However, it is susceptible to defection-driven noise (Noise
1) when migration is the only viable option. In a selfish community, cooperation only evolves when imitation is combined with migration, but susceptible to Noise
1. A realistic community (local–global) shows shared attributes from altruistic and selfish communities. The same sets of random numbers were used in our
simulations with Prisoner’s Dilemma payoff values 𝑇𝑇 = 1.3, 𝑅𝑅 = 1, 𝑃𝑃 = 0.1, and 𝑆𝑆 = 0, 𝑟𝑟 = 𝑞𝑞 = 0.05, and mobility 𝑀𝑀 = 5. Cooperators are rendered blue while
defectors are red. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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In order to further explore the effects of global rules on either imitation or
combined imitation and migration schemes in noisy conditions, we reverse
the concept of ‘‘defector’s paradise’’ as introduced by Helbing and Yu. That
is, instead of having a single defector in the middle of a massive circle of
cooperators, as in defector’s paradise, we now have a lone cooperator
surrounded by defectors with diameter 25. Despite the constant
bombardment of defection-driven noise at every time step in the reverse
defector’s paradise (Figure 24), cooperation remains robust. It even
maintains the central cooperative island intact. Global rules combined with
imitation and migration schemes result in the immediate propagation of
cooperation throughout the virtual community in as early as t 10.

Figure 24. Reverse defector’s paradise is represented by a circle composed mainly of defectors with diameter
equal to 25 and a lone cooperator at the center. The reverse defector’s paradise is observed in both imitation
and combined imitation and migration schemes subjected to global rules. Cooperators are rendered blue
while defectors are red. (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

The community behavior can be summarized by the following points:
1) In a selfish community, imitation combined with migration triggers
cooperation.
2) In an altruistic community, imitation alone can trigger cooperation.
3) Realistic communities share the characteristics of selfish and
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altruistic communities.

2.2.5. Varying stochastic payoff variations
We have shown that stochastic payoff variations using additive white
Gaussian noise (AWG) reduces cooperative behavior for selfish and realistic
communities as compared to similar schemes without noise. Altruistic
communities, on the other hand, are robust to noise and maintains universal
cooperation even in the presence of Noise 2. Sigma in Equation (50) aims to
vary the standard deviation of AWG. Hence, the bigger σ is, the wider the
Gaussian distribution becomes, therefore, payoff variations are done in a
wider range of values. In order to investigate the effect of increasing
stochastic payoff variations in altruistic, selfish, and realistic communities,
we assign 𝛿𝛿s to 0.1, 0.4, and 0.8. We summarize our results in Figure 25.
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Figure 25. Simulation results after 400 iterations of one out of ten realizations for varying stochastic variations
of σ 0.1, 0.4, and 0.8 (Noise 2) in selfish (“local’’), altruistic (‘‘global’’), and realistic (‘‘local–global’’) communities.
The same sets of random numbers were used in order to assume comparison among cases. Cooperators
are rendered blue while defectors are red. Imitation alone is able to drive cooperation in altruistic
communities. Altruistic communities are robust to increasing stochastic payoff variations. Stochastic payoff
variations enhance cooperation in realistic communities. Selfish communities are highly susceptible to
increasing stochastic payoff variations. But with imitation scheme alone, higher stochastic variations push
the selfish community to a majorly cooperative regime. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Altruistic communities are generally robust to increasing stochastic payoff
variations (see Figure 25G–I). In as early as 10 time steps, the number of
cooperators shoot up to maximum especially when imitation is combined
with migration, which is exactly why the index of dissimilarity is equal to 0.5
(see Figure 25F). That is, only a single type of individual (cooperators only)
exists in the community. Entropy, on the other hand is a little bit higher in the
imitation scheme, implying that there is a lower level of order in the
community (see Figure 25G). Entropy decreases with migration and
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combined schemes. This is because migration triggers cooperators to
‘‘stick’’ together (see Figure 25H and I). Moreover, we observe that the larger
σ is, the smaller the clusters become. As the level of noise increases,
therefore, the more unstable the system becomes. Hence, cooperators
benefit more by sticking together and maintaining a cooperative cluster that
is as tiny as possible in attempt to minimize defection invasion.
Increasing σ for payoff stochastic variations (Noise 2) tends to be highly
detrimental to the formation of cooperation in selfish communities
especially when imitation is combined with migration. This observation is in
stark contrast with
the observation of Helbing and Yu, who observed that
success-driven migration, when combined with imitation can be the driving
force for cooperation to emerge in a selfish community. Selfish
communities, however, have the tendency to form cooperative clusters (see
Figure 25B, and C), thus portraying low entropy, that is, showing a greater
sense of order. This is as expected because individuals are only limited to
playing the PD game within their Moore neighborhood, and thus can only
influence their direct neighbors. Visually, defectors tend to be more
scattered in areas between cooperative islands the greater σ becomes (note
that we only plot index of dissimilarities of cooperators, therefore with very
high σ where defection takes over, cooperative entropy disappears as seen
in Figure 25C). Due to the increase in payoff variations, defectors are able to
survive by preferring locations with no neighbors at all (see Figure 25B). If
this configuration is directly followed by imitation (which is essentially the
combined imitation–migration scheme), it would be difficult to maintain a
cooperative regime mainly because defectors are scattered all over a
greater surface area and this potentially increases the spread of defection
throughout the community. Then, it is not surprising that defection is able to
invade the community entirely. However, if we look closely at imitation only
scheme (see Figure 25G), interestingly, the stronger the stochastic variation
is, the faster the community bounces back to a majorly (more than the initial
cooperative population) cooperative regime.
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Interestingly, increasing the level of noise by increasing σ enhances the level
of cooperation in realistic communities as compared to the case when there
is no noise (see Figure 25I and compare with Figure 23C). Although this
phenomenon seems counter-intuitive at first, it is in fact a known
occurrence. Perc et al. are among the first to show that variations in payoff
could in fact promote cooperation 145,146. Additionally, this finding is also
consistent with that of Yamamoto and Okada’s, where they showed that
introducing few specific non-cooperative behaviors, such as social vaccine,
can robustly maintain a cooperative regime 147.
We note that Noise 2, as opposed to Noise 1, does not alter the number of
original cooperators nor defectors in the migration scheme. Individuals,
however, migrate to newer locations based on payoff values that have been
modified through stochastic variations. Altruistic and realistic communities
show generally low segregation (low index of dissimilarity) (see Figure 25E)
and medium to low levels of clustering (high entropy). That is, cooperators
and defectors are generally found mixed together.
The community behavior for increasing stochastic payoff variations is
summarized below:
1) Altruistic communities are robust to increasing stochastic payoff
variations.
2) In realistic communities, increasing σ in enhances cooperation.
3) Selfish communities are highly susceptible to stochastic payoff
variations. However, with imitation scheme alone, increasing
stochastic variations is able to push back the system to a majorly
cooperative regime.

2.2.6. Varying the temptation to unilaterally defect
Classical PD follows these rules 𝑇𝑇 > 𝑅𝑅 > 𝑃𝑃 > 𝑆𝑆 and 2𝑅𝑅 > (𝑆𝑆 + 𝑇𝑇).. The
inequality 2𝑅𝑅 > (𝑆𝑆 + 𝑇𝑇) assures that the collective payoff for cooperators is
always greater than the collective payoffs for defectors. In this section, we
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challenge the formation of cooperators by adding a variable 𝜏𝜏 to 𝑇𝑇, so that
2𝑅𝑅 > (𝑆𝑆 + 𝑇𝑇 + 𝜏𝜏), and then explore how this new value will affect the
evolution of cooperation in altruistic, selfish, and realistic communities. We
choose 𝜏𝜏 with values 0.6, 0.7, and 0.8, where 0.7 and 0.8 are intentionally
assigned to violate the PD rule. We summarize our results in Figure 26. We
also include 𝜏𝜏 = 0, therefore maintaining the original value 𝑇𝑇 = 1.3, as base
scenario for comparison.

Our results show that in altruistic communities, increasing the temptation to
unilaterally defect by 𝜏𝜏 = 0.6 has no significant effect on the formation of
cooperation compared to the case when noise is not present at all. That is,
emergence of cooperation is still immediate and maintained up until 400
iteration steps (see Figure 26G and I). Therefore, index of dissimilarity is 0.5
for imitation and combined schemes because only cooperators at this point
exist in the community (see Figure 26D). Interestingly, even when the
prisoner’s dilemma is validated, that is by setting high values for temptation
to unilaterally defect (𝜏𝜏 = 0.7 and 0.8), cooperation still manages to maintain
a percentage either equal to (see Figure 26G) or greater than the initial
number of cooperators (see Figure 26I) in the system.

134

Chapter 2.2 Challenging the Evolution of Cooperation Governed by Central Control

Figure 26. Community behavior with varying temptation to unilaterally defect. Simulation results after 400
iterations of one out of ten realizations for varying temptation to unilaterally defect with τ set to 0.0, 0.6, 0.7,
and 0.8 in selfish (‘‘local’’), altruistic (‘‘global’’), and realistic (‘‘local–global’’) communities. The same sets of
random numbers were used in order to assume comparison among cases. Cooperators are rendered blue
while defectors are red. The evolved social cooperation in altruistic communities is maintained to either the
initial percentage of cooperators, or a percentage above it with increasing 𝜏𝜏 or temptation to unilaterally
defect. Selfish communities, on the other hand, portray cooperation that is highly susceptible to increasing
values for 𝜏𝜏, as increasing payoffs do defect becomes more beneficial. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

Selfish communities are highly susceptible to defection for 𝜏𝜏 values 0.6, 0.7,
and 0.8. That is, individuals tend to favor defection as temptation to
unilaterally defect becomes a more beneficial strategy (see Figure 26C).
Upon close scrutiny, it is apparent that individuals tend to form cooperative
clusters (see Figure 26A and B) as means to evade defectors (low entropy).
Defectors, on the other hand, benefit more by surrounding these small
cooperative clusters. Combining migration with imitation worsened the
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condition as defection becomes a predominant choice of strategy. As
opposed to imitation scheme, where cooperative individuals are in a sense
‘‘kept safe’’ from defectors due in part to the ‘‘frozen’’ configuration of the
community, incorporating migration allows defectors to invade cooperative
individuals. Defection then spreads throughout the community with
individuals preferably clustering together. It is important to note that we only
take cooperators into account when computing for entropy. Increasing the
temptation to defect drives the community to universal defection. Hence
cooperators disappear from the community and entropy values, as shown
in Figure 26C, approach zero.
Realistic communities seem to share characteristics exhibited by altruistic
and selfish communities. For instance, in combined imitation and migration
schemes, the community seems to be more susceptible to defection than in
altruistic communities as τ is increased — a characteristic evident of selfish
communities (see Figure 26). However, the number of surviving cooperators
remain greater than the fraction of cooperators in selfish communities.
Much like in altruistic communities, realistic communities exhibit low
segregation between cooperators and defectors regardless of 𝜏𝜏 (low index
of dissimilarity) as seen in Figure 26F. A close inspection would reveal that
cooperators and defectors coexist within each cluster, which is why this type
of community exhibits high entropy as well as seen in Figure 26C. The
community behavior upon stochastic payoff variations can be summarized
by the following points:
1) A cooperative regime evolved from altruistic communities is
maintained or increased to more than the initial cooperative
percentage even with high temptation to unilaterally defect.
2) Cooperation collapses in selfish communities with increasing
temptation to unilaterally defect.
3) Cooperation in realistic communities exhibit shared characteristics
between altruistic and selfish communities and are moderately
susceptible to increasing temptation to unilaterally defect.
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2.2.7. Summary and Conclusion
This article analyzed the emergence of cooperation in altruistic (community
governed by central control, where individuals choose strategies that benefit
the community), selfish ( individuals choose strategies that only benefit
themselves), and realistic (individuals choose strategies that are beneficial
to themselves as well as the community) communities even in the presence
defection-driven noise (Noise 1) and stochastic payoff variations (Noise 2).
We also looked into the emergence of cooperation when the temptation to
unilaterally defect increases to a point where the classical prisoner’s
dilemma inequality is violated.
We first showed that in selfish communities, cooperation is greatly
enhanced when imitation is combined with migration. However, selfish
communities remain susceptible to defection-driven noise (Noise 1). In
altruistic communities, imitation alone triggers and maintains a majorly
cooperative regime among individuals in the community. This evolved
cooperation is robust to either Noise 1 or 2. However, the established
cooperation collapsed immediately in altruistic communities when
migration is coupled with Noise 1. Realistic communities seem to share
some characteristics exhibited by altruistic and selfish communities. That
is, cooperation in realistic communities are only enhanced when imitation is
combined with migration – a characteristic of selfish communities, but
robust to Noise 1 and Noise 2 – a characteristic of altruistic communities.

Secondly, we showed that even with increasing 𝜎𝜎s, and therefore
increasing stochastic payoff variations, the emergence of
cooperation in altruistic communities remains robust. Remarkably,
increasing 𝜎𝜎s in Noise 2 is able to enhance cooperation in realistic
communities, while selfish communities, on the other hand, are highly
susceptible to increasing noise.
Finally, adding a variable 𝜏𝜏 that aims to incrementally increase the
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temptation to unilaterally defect seems to have no effect on altruistic
communities. In fact, cooperation remains robust and is maintained for the
entire 400 iteration steps. In selfish communities, however, cooperation
became increasingly susceptible to defection with increasing 𝜏𝜏. The same
goes with realistic communities, only that it is only moderately affected by
the increase in temptation to unilaterally defect.
Although our results reveal that altruistic behaviors are capable of driving
majority, if not all, of the individuals in the community to cooperation that is
seemingly robust, an altruistic community, or a community governed by
central control, still remains susceptible to defection-driven noise when
migration is the only viable option. Our findings suggest that, indeed,
imitation, or the copying mechanism of better-performing individuals is the
sole driving-force for the emergence of robust cooperation in a community
governed by central control.
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Detecting Critical Transitions in
the Human Innate Immune System
Abstract
Background: Coronary artery bypass grafting with cardiopulmonary bypass
activates the human innate immune system and invokes a vigorous
inflammatory response that is systemic. This massive inflammatory
reaction can contribute to the development of postoperative complications
that could topple the state of the system from the state of health to the state
of disease or even death. The body, after all, is then in a state where the
majority of its immune cell population is depleted, and sometimes needs
days, or even longer, to recuperate. To gain deeper understanding on how
the human innate immune system responds to complications after cardiac
surgery, we perturb the immune system in-silico by adding another source
of inflammation triggering moieties (ITMs) hours after surgery in various
regimes.
Results: A critical transition occurs upon the addition of a critical
concentration of ITMs when the insult is sustained for approximately 3
hours – a total concentration that in fact corresponds well to the fatal
concentration of ITMs documented in literature.
Conclusion: By perturbing the human innate immune system model with
additional sources of inflammation triggering moieties, we are able to
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specify the conditions at which critical transitions occur in the human innate
immune system. More importantly, we are able to pinpoint the critical
concentration and duration of post-surgery insults that would drive the
system into transitioning from the state of relative health to disease.

Keywords: human innate immune response, post-surgery complications,
critical transitions, early warning signals
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3.1.

Introduction

Coronary artery bypass grafting (CABG) with cardiopulmonary bypass (CPB)
provokes a systemic inflammatory response that activates the human
innate immune system. The contact of the blood components with the
artificial surface of the bypass circuit, thus inducing sheer stress on blood
cells, ischemia-reperfusion injury due to the accumulated inflammation
triggering moieties (ITMs) that have crossed the gut-barrier during hypoperfusion 42, endotoxemia or the presence of endotoxins such as ITMs in the
blood, and tissue damage caused by the surgical wound are all possible
causes of systemic inflammatory response syndrome (SIRS). This massive
inflammatory reaction may contribute to the development of postoperative
complications such as myocardial dysfunction, respiratory failure, renal and
neurologic dysfunction, bleeding disorders, altered liver function, and
sequentially, multiple organ failure 148. Postoperative respiratory failure has
a mortality rate to 80% in of patients undergoing cardiac surgery 149,150,
taking into account that more than 800,000 patients per year undergo
coronary artery bypass grafting (CABG) surgery worldwide while
approximately 150,000 patients undergo valve surgery 151,152. Myocardial
dysfunction that escalates to symptomatic heart failure accounts for 50% of
medical admissions to hospitals, and is associated with in-hospital mortality
of 12% and a 1-year mortality of 20-35% 153,154. More so, it was reported in
the Society of Thoracic Surgeons National Database that 20% (22,000
patients) of “low-risk” patients developed postoperative complications.
Using the human innate immune response model that we have developed in
an earlier work 7, we show how the human innate immune system responds
to complications after surgery by adding a source of ITMs (inflammation
triggering moieties) in-silico hours after surgery. Inflammation triggering
moieties may refer to any cell or enzyme that triggers the innate immune
response, such as bacterial lipopolysaccharides (LPS) and extracellular
nucleotides 21–28. In case of a massive insult, the innate immune response
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becomes amplified and dysregulated 155, which leads to the imbalance
between pro-inflammatory and anti-inflammatory cytokines 156. By
perturbing the system with different intensities of ITMs, we aim to test the
resilience of the human innate immune system and assess at which point
the system shifts between alternative regimes: from state of health to
disease.

Various and diverse complex dynamical systems have been shown
to exhibit transitions or so-called tipping points where there occurs an
abrupt shift in stable states. In biological systems, such as the human
body, this tipping point occurs as a rapid shift from state of health to
disease 157,158. In depression, fluctuations of emotions serve as indicators
for tipping points from normal to the onset of a depressive state 159. Other
examples also include systemic market crashes observed in financial
systems 160,161, observed slowing down of fluctuations before a
climate shift 162–164, trends of a declining population prior to extinction
165–167
, blood parameters as indicators of tipping points in patients
undergoing cardiac surgery 168, and early warning systems in floods
169–171
and dams 172.
Early warning signals (EWS) are hypothesized to serve as indicators of loss
of system resilience prior to transitions between regimes. Subtle statistical
properties of measurements in the system are assessed the presence of
critical transitions 173. Sometimes, these transitions are observed in changes
in correlations, standard deviation, and skewness of system measurements
through time 15.
In this work, we perturb the human innate immune system by adding
concentrations of ITMs hours after surgery in-silico. We show that the
system shifts from the state of health to disease given a critical threshold of
ITMs. We define healthy being the state where the human innate immune
system is able to resolve all ITMs both in the bloodstream and tissue, while
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deceased is when ITMs are not resolved within incubation time. We also
assess whether EWSs are present prior to the shift from health to disease
using the human innate immune system model. Finally, we also assess the
capacity of early warning signals to detect critical transitions in the clinical
trial data used to calibrate and validate the HIIS model.

3.2.

Metric and Model-Based Indicators

Early warning signals for detecting critical transitions in systems are divided
into two categories: metric and model-based. Both methods aim to quantify
the variations in correlation structure, and changes in variability in
measurements prior to the system’s transition between alternate regimes
15
.
Metric-based indicators aim to quantify changes in statistical properties of
measurements without attempting to fit the measurements onto a model.
We use variance, skewness, and kurtosis as metric-based indicators for
transition from state of health to disease.
Variance. As the system approaches tipping point, it exhibits increasingly
strong variations at measurements around the equilibrium. That is, the time
it takes to return to equilibrium even after tiny perturbations strongly
increases as the system approaches these points. This phenomenon is
referred to as “critical slowing down,” referring to how the system “slows
down” going back to equilibrium 174,175.
Skewness. Perturbations drive the state of the system to shift between
alternate regimes. Critical slowing down, which refers to a decreasing return
rate of the system towards equilibrium results in distribution asymmetry 176.
Hence skewness either increases or decreases depending on the direction
of transition.
Kurtosis. Strong perturbations provokes the system to take on extreme
values close to transition, increasing the occurrence of rare values in the
measurements 177. Therefore, an increase in kurtosis, or “bulging” is
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observed in the measurements leading to a tipping point.
Model-based indicators quantify variations in measurements by fitting the
data to a model. Autocorrelation is a simple method used to quantitatively
describe slowing down in a system nearing a tipping point.
Autocorrelation is one of the simplest ways in measuring slowing down.
Increasing autocorrelation implies that consecutive points in the time series
have become increasingly similar 178.
Time-varying Autoregressive models (AR) at time lag 𝑝𝑝 is also one of the
numerous methods used to estimate the local dynamics in measurements
of a system 179. The first step is calculating the inverse of the characteristic
root (𝜆𝜆), by estimating the autoregressive function. Values for 𝜆𝜆 that
approaches 0 imply that the system quickly returns or stabilizes towards the
mean. This is because we used a time lag equal to one, which indicates that
the current value is based on the value immediately preceding it. Hence, 𝜆𝜆
would simply be the slope of change between two time points, 𝑦𝑦(𝑡𝑡) and
𝑦𝑦(𝑡𝑡 − 1). See the time-varying AR(1) model in equation (54). The smaller this
slope is, the more similar the measurements are at time 𝑡𝑡 − 1 with 𝑡𝑡. Hence,
it would be easier for the system to go back to equilibrium. On the other
hand, when values for 𝜆𝜆 approach 1, measurements become increasingly
varied hence implying instability.
𝑦𝑦(𝑡𝑡) = 𝑎𝑎(𝑡𝑡)𝑦𝑦(𝑡𝑡 − 1) + 𝜀𝜀(𝑡𝑡)

where 𝑎𝑎(𝑡𝑡) corresponds to the autoregressive
corresponds to the environmental variability 15.

3.3.

Trend Detection

(54)

coefficient, and 𝜀𝜀(𝑡𝑡)

Any presence of increasing or decreasing trends, which should also be
statistically significant, captured by early warning indicators can be
evaluated using the Mann-Kendall trend test. The Mann-Kendall trend test is
a non-parametric test that analyzes consistent increasing or decreasing
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patterns in data series. The null hypothesis being that a monotonic trend
does not exist, while the alternate hypothesis assumes the existence of a
trend. These trends are tested to a significance level of 5%. We used a twotail test. This means that we look into both positive and negative trends in
values of early warning signals to be able to fully understand the system.

3.4. Effects of Adding Inflammation Triggering
Moieties In-Silico to the Human Innate Immune
System; 2 Hours After Surgery
Complications sometimes happen 2 to 9 days after surgery 180. In a study
conducted by Hashemzadeh et al., the majority of complications, specifically
postoperative atrial fibrillation, develop within the first 2 days after surgery
181
. Hence, in all our experiments, we add a source of ITMs that starts at 48
hours or 2 days after cardiac surgery. In this section, we present the results
of various experiments that aim to understand how the human innate
immune system shifts from a state of health to disease under various
conditions.
Cardiac surgery with CABG activates the human innate immune system that
invokes a vigorous response that most likely depletes the body’s reservoir of
immune cells, such as macrophages, neutrophils. Depending on the
patient’s conditions, it may take days, weeks or even months for immune
cell levels to fully recuperate to normal levels. Nguyen et al., have shown that
the activity of immune cells in cardiac surgery patients was impaired on the
3rd day post-surgery. These levels, however, returned to normal after a week
after surgery 182. Hence, the occurrence of complications post-operation
becomes a serious threat as the body has not fully recovered yet.
In this section, we explore the effects of adding different concentration of
ITMs in-silico 48 hours (2 days) after surgery for a duration of 3 hours. We
picked 3 hours as this is the duration of insult that is typically observed in
patients undergoing cardiac surgery before they stabilize back to normal
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values, often 7 days after surgery 182,183. Moreover, this duration of adding
ITMs, as a matter of fact, tips the balance, pushing the state of the system
from health to disease, which we will later show numerically in 3.8. These
ITMs may come from complications from inflicted wound due to surgery,
oxidative stress coming from various sources in the body, or external factors
that invoke further production of ITMs. We summarize our results in Figure
27.

Figure 27. Human Innate Immune Response to Post-Operative complications. Excess ITMs (inflammation
triggering moieties) are continuously added for 3 hours in-silico at exactly 48 hours (3 days) after surgery. Our
results show that at an ITM concentration of 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3, the concentration of ITMs in the tissue
remains unneutralized even after 96 hours of surgery. Compared to 1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 , in this concentration
the human innate immune system is able to completely neutralize the inflammation at 60 hours post-surgery.
Pro-inflammatory cytokines, immune cells responsible for opening up the endothelial barrier to allow
recruitment of more neutrophils from the bloodstream into the tissue, exhibit a saturation of concentration
at added ITMs of 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑙𝑙𝑠𝑠 ⁄𝑚𝑚𝑚𝑚3 . Alkaline Phosphatase, enzymes known to neutralize ITMs, are depleted
both in blood and tissue at added ITM concentration of 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3.

With additional ITM concentrations of 1 × 107 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 , we show in our
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model that the remaining ITMs sharply decreases at 60 hours after surgery,
implying that the body is still capable of neutralizing the additional amount
of ITMs. However, we show a saturation of ITMs in the tissue when the
added concentration of ITMs is at 1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3. Pro-inflammatory
cytokines are known for their function to open up the endothelial barrier, as
a way to recruit new neutrophils into the site of inflammation. Here we show
that the concentration of pro-inflammatory cytokines saturates to a steady
level when the added concentration of ITMs is 1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 . The same
can be observed with concentrations of Alkaline Phosphatase, an enzyme
known for its role in neutralizing ITMs. We show that Alkaline Phosphatase
in blood and in tissue are depleted at such a high level of insult. However,
when the concentration of added ITMs is 1 × 107 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 , proinflammatory cytokines level slides back to zero. This goes as well with
Alkaline Phosphatase, which stabilizes back to normal levels of
concentration roughly at 60 hours after surgery.
However, adding ITMs does not have any effect on the concentrations of
resting and activated macrophages and neutrophils as shown in Figure 28.
Even without adding another source of ITMs hours after surgery, resting
macrophages and neutrophils have already been fully activated. Hence,
adding another source of ITMs at a time when both types of immune cells
have already been depleted will not significantly change the profiles of the
immune cells as shown below.
Note that macrophages in our model also can go into homeostasis, but this
rate is not fast enough to replenish macrophages even hours after surgery.
Moreover, in the case of a massive insult such as that invoked by cardiac
surgery, the bone marrow releases both mature and immature neutrophils
into the bloodstream. This is the so-called “left shift,” which refers to the
increase in the number of immature neutrophils in the bloodstream 184. After
which, it takes roughly a week for the bone marrow to release a new set of
mature neutrophils into the bloodstream 185–187.
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Figure 28. Resting and Activated Macrophages and Neutrophils’ Response to Added Inflammation Triggering
Moieties. Even without additional ITMs, our model predicts the activation of all resting macrophages and
neutrophils due to the scale of insult cardiac surgery with CABG invokes on the human innate immune
system. Therefore, additional source of ITMs, especially when the immune cells are already depleted, will still
invoke the maximum effect on macrophages and neutrophils.

3.5. Detecting the Critical Concentration of ITMs
that Lead to the Shift of System State from Health to
Disease
In the previous section, we have shown how the human innate immune
system responds to added concentrations of ITMs hours after surgery. We
also observed the saturation of concentrations of ITMs in tissue, proinflammatory cytokines and Alkaline Phosphatase in tissue and blood,
where concentrations remain at a certain level that biologically does not
correspond to stability or homeostasis.
In this section, we pinpoint the critical concentration of ITMs that is the
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tipping point that shifts the state of the body from health to disease. The
state of health simply corresponds to the situation where the body is
capable of fully neutralizing the added ITMs post-surgery. The disease state,
on the other hand, corresponds to when concentration of ITMs saturate to
a high level of ITM value, and the body is no longer able to neutralize these
ITMs fully.
We use the coefficient of variation as a simple metric to quantify how blood
parameter concentrations vary as we increase the intensity of postoperative complications. Our results are summarized in Figure 29.
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Figure 29. Normalized Coefficient of Variation for Blood Parameters in the Human Innate Immune System. Highlighted are concentrations for Alkaline Phosphatase in Blood and Inflammation
Triggering Moieties in Tissue when the concentration of added ITMs are 0 (black plots on the left panel) and 8.1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 (red plots on the right panel). Each point in the normalized
coefficient of variation plot corresponds to the calculated coefficient of variation of a single time series.
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The coefficient of variation is simply the ratio of the standard deviation with
respect to the mean. This means that the higher the coefficient of variation
is, the greater the level of dispersion is around the mean. Note that we have
normalized the coefficient of variations in Figure 29 to be able to compare
the trends across various blood parameters. Here we show that
concentrations for pro-inflammatory cytokines (𝐶𝐶𝐶𝐶), ITMs in tissue
(𝐼𝐼𝐼𝐼𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ) as well as in blood (𝐼𝐼𝐼𝐼𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ) exhibit decreasing coefficients of
variation as the scale of post-operative complication gets more intense. This
is because when the scale of insult post-surgery is not intense, hence
unthreatening, the body is able to neutralize the ITMs that bring the
concentrations of ITMs and pro-inflammatory cytokines back to stable
values. The calculated mean therefore sticks close to the stable values
despite the peak caused by the added insult. However, if the scale of insult
post-surgery is too intense that the human innate immune system is not able
to neutralize the threat, concentrations of ITMs in the blood and tissue as
well as pro-inflammatory cytokines peaks at the onset of insult (2 hours after
surgery) and saturates to this value. The mean, therefore, of these
distributions are higher than those of non-threating levels of added ITMs.
Hence, we see lower values for coefficient of variation as the scale of insult
intensifies.
What is interesting here is that it appears that the coefficient of variations
for some blood parameters saturates at a stable value beyond 8.1 ×
108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 , as highlighted by the yellow vertical line in Figure 29. This
means that the ratio between the standard deviation and mean of the blood
parameters’ distributions remain constant, hence the level of dispersion
around the mean seems to stabilize beyond this point, showing that beyond
8.1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 , the human innate immune system can no longer
neutralize ITMs, hence the concentrations of blood parameters remain
stable. Therefore, here lies the critical transition that separates the state of
health from the state of disease.
We regard the measurements of coefficient of variation of each blood
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parameter profile as measurements describing a system that can shift to
alternate regimes with added ITMs as the driving force of the transition. We
know, based on the results we presented in Figure 29, that the system
undergoes a critical transition from health to demise at added ITM
concentration of about 8.1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 . In order to obtain a deeper
understanding of the system and the changes the system goes through
before and after a critical transition, we utilize early warning signals and
assess their capability of predicting the onset of critical transition prior to
shifting between alternate regimes. We summarize our results in Figure 30.
positive trend | negative trend | no trend

Figure 30. Detecting Critical Transitions on Coefficient of Variation. Early warning signals are able to detect
increasing (shown in blue) and decreasing (shown in red) to a significance level of 5% using the Mann-Kendall
two-tailed trend test for almost all blood parameters except for apoptotic neutrophils (𝑁𝑁𝑁𝑁𝐴𝐴 ) and antiinflammatory cytokines (𝐴𝐴𝐴𝐴𝐴𝐴).

Here we show that almost all blood parameters exhibit a significant increase
(blue) or decrease(red) in trends for early warning signals of autoregression,
skewness, and variance, except for concentrations of apoptotic neutrophils
(𝑁𝑁𝑁𝑁𝐴𝐴 ) and anti-inflammatory cytokines (𝐴𝐴𝐴𝐴𝐴𝐴). Due to the massive scale of
insult, adding more ITMs into the system leads to majority, if not all, of the
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activated neutrophils going into necrosisб, instead of apoptosis. This was
also shown in an early work where we modeled the emergence of necrosis
and apoptosis through various levels of insult using game theory 89.
Consequently, since pro-inflammatory cytokines are released by activated
macrophages (𝑀𝑀𝐴𝐴 ) upon removal of apoptotic neutrophils, proinflammatory cytokines also exhibit the same profile as apoptotic
neutrophils.

3.6. How does the Human Innate Immune System
Respond to Persistent and Recurrent Episodes of
Post-Surgery Complications
What we have shown so far is one possible scenario of when the innate
immune system transitions from a state of health demise. In this section,
we further explore how the human innate immune system responds to
complications that are either persistent or recurring.

3.7. Effects of Adding Inflammation Triggering
Moieties In-Silico at Different Time Intervals
In order to obtain a deeper understanding on how the human innate immune
system responds to post-surgery complications, more so, in response to
complications that are persistent and recurrent, we introduce an additional
source of ITMs at various regimes or intervals: 8 hour, 16 hours, and 24
hours intervals. The concentration of ITMs is continuously added for 30
minutes to mimic those complications that are persistent.
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Figure 31. Human Innate Immune Response to Additional Sources of Inflammation Triggering moieties at
Varying Time Intervals. A non-fatal concentration of 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 ITMs 53 was added at different time
intervals starting at 2 days (48 hours) after surgery continuously for 30 minutes to mimic a persistent and
recurring post-surgery complication. Our results show that when the interval between each episode
decreases to 8 hours, the system undergoes a transition where it is no longer able to neutralize the ITMs
effectively. Hence, we see that the ITMs in the tissue remain at a stable concentration because the remaining
population of immune cells are no longer able to neutralize the ITMs. Moreover, more pro-inflammatory
cytokines are induced due to the intense scale of insult.

Our results show that recurrent episodes of post-surgery complications can
lead to disease, or in worse cases, death, when the intervals between
episodes are as close as 8 hours and when the insult is sustained for 30
minutes.

3.8. Effects of Adding Inflammation Triggering
Moieties In-Silico at Different Time Range
In order to mimic post-surgery complications that are persistent, we added
ITMs in various durations starting from 30 minutes of continuous infusion,
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to 1 hour, 2 hours and finally 3 hours. Our results are summarized in Figure
32.

Figure 32. Human Innate Immune Response to Added ITMs at Different Time Durations. In order to mimic a
persistent type of post-operation complication, we extend the duration at which ITMs are added from 0.5
hours, 1 hour, 2 hours and 3 hours. Our results show that at 3 hours, the system is no longer able to neutralize
the inflammation. That is, concentrations of ITMs in the tissue as well as concentration of pro-inflammatory
cytokines remain at high value. Alkaline phosphatase in blood and tissue, however, are depleted.

Prolonging the duration of added ITMs in the system has prominent effects
on the ITMs in tissue, pro-inflammatory cytokines, and alkaline phosphatase
concentrations in blood and in tissue. As the body recuperates after cardiac
surgery, there comes a point when the system can no longer neutralize the
inflammation. We have shown in the previous section that recurrent
episodes of post-surgery complications could tip the balance between
health and disease when the time interval reaches 8 hours apart. In this
section, we show that this critical transition happens when the post-surgery
complication is persistent and lasts for 3 hours. This is in fact consistent
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with the findings of Damas et al., where the overall concentration of ITMs
within this 3-hour duration corresponds to the fatal concentration of ITMs in
humans 53.

3.9. Do Blood Parameters Exhibit Characteristics of
Early Warning Signals Before a Critical Transition?
Variance as an Early Warning Signal
Variance aims to measure whether the system is critically slowing down.
More specifically, a rising variance is known to indicate a critical transition.
By using a rolling window of half the size of the measurements (48 hours).
We summarize our results in Figure 33.
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Figure 33. Variance as an Early Warning Signal to Detect Critical Transitions in the Human Innate Immune
System. The vertical yellow lines designate the highest points of the variance where suppoesdly, the critical
transition happens.

Highlighted in red are the measurements for variance when the added ITMs
is 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 . Profiles for ITMs, Alkaline Phosphatase in blood and
in tissue, as well as pro-inflammatory cytokines and resting macrophages
show remarkably different profiles from lower concentration of ITMs that
we have added in-silico. The differences between the effects of adding
increasing concentrations of ITMs on blood parameters is apparent at
approximately time point 55 hours after surgery and peaks at around 70
hours after surgery.
As critical transition can be observed in as early as within a 4 hour-time
frame (4 hours after the onset of a post-surgery complication) in ITMs, 7
hour-time frame pro-inflammatory cytokines and a 10-hur timeframe in
alkaline phosphatase and resting macrophages. These results imply the
urgency of monitoring closely the change in concentrations of indicated
blood parameters (ITMs in blood and tissue, alkaline phosphatase in blood
and tissue, pro-inflammatory cytokines and resting macrophages) within
these timeframes because within these hours, a critical transition is most
likely to occur especially when dealing with post-surgery complication that
is intense.
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Autoregression as an Early Warning Signal

Figure 34. Autoregression as an Early Warning Signal for Detecting Critical Transitions in the Human Innate
Immune Response.

By using autoregression, on the other hand, we are also able to detect critical
transition for as early as within the 4-hour timeframe after the onset of postsurgery complication in ITMs in blood. However, autoregression shows a
critical timeframe that is much later than what is observed when using
variance as an indicator of critical transition.
Our results suggest that in order to prevent the possible fatal complication
in patients undergoing cardiac surgery, medical practitioners would need to
inspect the trends in blood parameters, with a special focus on ITMs and
alkaline phosphatase in blood and tissue in as early as within a 4, 7 or 10hour timeframe after an observed onset of post-surgery complication
depending on the blood parameter under scrutiny.
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We note that although early warning signals provide ways in detecting the
onset of critical transitions occurring in various systems even before this
transition happens, this is not the case for the human innate immune system
model. The dynamics of the blood parameters, meaning how in some cases
the concentrations of blood parameters go back to stable values, can be
observed by just looking at the plots themselves. However, using early
warning signals make it possible to enhance the main difference in the
profiles of blood parameters that exhibit critical transitions and those do not.
In this way, it is easier for medical practitioners to spot the critical
timeframes at which the system shifts from health to disease.

3.10. Critical Transitions in Blood Parameter
Timeseries of Patients Undergoing Cardiac Surgery
The clinical trials data used to calibrate and validate the human innate
immune system model in Chapter 1 revealed that 3 out of 53 patients who
have undergone cardiac surgery died after surgery. In this line of work, we
utilize early warning signals to segregate critical patients, or patients who
died after surgery, from non-critical patients with the assumption that critical
patients exhibit changes in patterns in their time series when a critical
transition from health to diseases occurs. However, we do not detect how
much time these transitions occur in advance, and this will be the future
direction of this research because the most important, and useful motivation
of using early warning signals is its potential of real-time use as early
warning for increased risk of patient death, with eventually the goal of
improved prevention. This subchapter is based on an earlier version of a
work that was presented in a conference 168. The results presented are
based on a preliminary work and still needs further refinements to perhaps,
incorporate, the functionality of being able to detect how early in the time
series the critical transitions occur. What will be presented below is a reassessment of the original time series of clinical trials data.
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3.11. Data Preparation and Analysis
The raw data is composed of concentrations of 43 various blood
parameters sampled from 53 patients who are undergoing cardiac surgery
with bypass filter. The time stamps at which the samples were taken were
also recorded and indicated in the data. Patients who are involved in the
clinical trials are either males or non-pregnant and non-lactating females
regardless of race with ages above 18. The data was collected from two
separate hospitals: Catharina Hospital Eindhoven (The Netherlands), and
Zuid Oost-Limburg Hospital (Belgium). The conditions at which the patients
have undergone, methods used to obtain the blood parameter samples, as
well as time intervals for the data collection were standardized between the
hospitals. A more detailed description of the population of patients can be
found in Chapter 1 A.1.
The blood parameter concentrations were collected within an interval of 24
hours prior to surgery up until 30 days after surgery. More samples of blood
parameter concentrations were done within the first 24 hours after surgery
as an attempt to closely monitor the patients. This is because complications
are most likely to occur within this 24-hour period post-surgery.
The raw data contains a huge amount of missing data points (58.7 %)
because not all blood parameters are sampled. For instance, at the onset of
surgery, patient 35 was only sampled for Alkaline Phosphatase and not for
basophils. Missing values are inevitable in clinical trial data, so it is
necessary that the methods used are capable of handling this type of
situation. Numerous techniques deal with missing values. But what is
important is that whatever these techniques may be, they should not
significantly increase the rate at which false negatives are being detected.
That is, labeling critical patients as healthy. In this case, the signal is
rendered noisy and makes it impractical for medical practitioners to act
upon.
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Data Preparation
Missing values are dealt with by using a simple technique called
bootstrapping. The basic idea behind bootstrapping involves a repeated
random sampling with replacement from the original data to come up with
random samples (or bootstrap samples) that have the same size as the
original data. Each measurement can be sampled more than once. We
resampled 100 times to ensure variability in the bootstrap samples.

Evaluation of Metric and Model-Based Indicators
We assess the performance of early warning signals in detecting critical and
non-critical patients by calculating the F1 score based on outcomes of the
detection based on the definitions summarized in Table 5.
Table 5. Definition of terms used for assigning critical and non-critical patients.

Symbol
𝑇𝑇𝑃𝑃
𝐹𝐹𝑃𝑃
𝐹𝐹𝑁𝑁
𝑇𝑇𝑁𝑁

Interpretation

Definition

True Positive
False Positive
False Negative
True Negative

assigning critical patients as critical
assigning non-critical patients as critical
assigning critical patients as non-critical
assigning non-critical patients as non-critical

The F1 score is calculated based on equation (55):
𝐹𝐹1 = 2

𝑃𝑃 ∙ 𝑅𝑅
𝑃𝑃 + 𝑅𝑅

(55)

Where 𝑃𝑃 corresponds to precision and provides a measure or percentage of
the results that are relevant. It is formally defined as in equation (56).
𝑃𝑃 =

𝑇𝑇𝑃𝑃
𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃

(56)

While 𝑅𝑅 is the so-called Recall that measures the fraction of relevant
instances retrieved or what percentage of the actual number of critical
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patients are correctly identified by the methods.
𝑅𝑅 =

𝑇𝑇𝑃𝑃
𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁

(57)

Having high precision implies the unlikely occurrence of labeling non-critical
patients as critical. High recall, on the other hand, refers to the unlikely
occurrence of labeling critical patients as non-critical. A system that has
high precision but low recall reports less number of critical patients, but
most of these critical patients are labeled correctly. A system having low
precision but high recall, on the other hand, reports more critical patients,
but most of the detected critical patients are wrongly identified because
most of them are, in fact, non-critical.

3.12. Using Early Warning Signals to Pinpoint Blood
Parameter Markers of Death
Each time series corresponding to a timely record of a patient’s
concentrations of blood parameter is assessed on whether a critical
transition is detected or not using early warning signals. This is done by
using a rolling window of half the size of the data for each methodology for
early warning signals. The Mann Kendall trend test is then used to test the
presence of a significant increasing or decreasing trend. The results are
evaluated by calculating for the F1 scores per blood parameter. The
motivation here is to pinpoint blood parameters that may be the best option
for medical practitioners to focus on, as opposed to doing an extensive scan
on all blood parameters that in fact do not reveal signs of critical transitions
in patients at all. In this way, resources as well as time are wisely conserved
and patients, who are prone to criticalities, can readily be given the
immediate treatment they need. We processed both bootstrapped and
original data, but the results of our simulations are similar for both. These
results are summarized in Figure 35.
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Figure 35. F1 Score of model output after using early warning signals in detecting critical and non-critical
patients. The highest F1 score corresponds to PLT or platelet counts when using the autoregression as an
early warning signal. This is followed by Ddim (D-dimer for assessing the presence of blood clots), IL6 (proinflammatory cytokine), INR (used to determine the clotting of blood), and Ureum (amount of urea nitrogen
found in blood).

The blood parameter with the highest F1 score corresponds to PLT or the
number of platelets in the blood using autoregression. This is followed by
Ddim (D-dimer for assessing the presence of blood clots), IL6 (proinflammatory cytokine), INR (used to determine the level of clotting of
blood), and Ureum (amount of urea nitrogen found in blood) that
corresponds to either autoregression, variance or kurtosis.
PLT, D-dimer, and INR are parameters used to evaluate the risk of bleeding
in patients. Post-operative bleeding poses risks in patients as it remains a
big problem after cardiopulmonary bypass. As a matter of fact, Tettet et al.
have shown the platelet counts are significant predictors of post-operative
bleeding16. Out results reveal that platelet count could be the most
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significant marker in detecting criticalities or death in patients undergoing
cardiac surgery. More so, an abundant amount of IL6, or pro-inflammatory
cytokines, in the blood could reveal the magnitude of inflammation the
patient is undergoing as IL6 is a potentially useful marker of the human
innate immune system activation. An elevated urea in the blood could mean
that the kidneys or liver are not functioning well.

3.13.

Summary and Conclusion

Using the model of the human innate immune response for patients
undergoing cardiac surgery, we show how the human innate immune
system responds to complications that occur post-surgery by adding
inflammation triggering moieties in-silico at 48 hours (2 days) after surgery.
We show that there exists a critical transition from health to disease when
the added concentration of ITMs is at 8.1 × 108 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3. This transition
between alternate regimes can be detected in 10 out of 12 key players in the
human innate immune system using early warning signals namely variance,
autoregression, skewness, and kurtosis. We are able to pinpoint important
blood parameters that exhibit critical transitions, implying that medical
practitioners would need only to focus on the dynamics of inflammation
triggering moieties and alkaline phosphatase in blood and tissue within a 4, 7
and 10-hour timeframe from the onset of post-clinical complication. We also
show that a continuous insult of 1 × 109 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⁄𝑚𝑚𝑚𝑚3 ITMs that last for 3
hours leads to the shifting of the system between alternate states, which
corresponds to the fatal concentration of ITMs shown in literature.
We also used early warning signals to detect the presence or absence of
critical transitions in clinical trials data of patients undergoing cardiac
surgery. By using early warning signals, we are able to pinpoint blood
parameter markers that reveal significant presence of critical transitions,
where the most significant is the platelet count.
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The human innate immune system proudly stands as an essential partner
of the adaptive immune response. As a matter of fact, only vertebrates
possess the additional advantage of the adaptive immune response, while
majority of the organisms that thrive on the planet can survive on the innate
immune system alone 6.
My thesis is devoted in understanding the complexities, intricate details, and
underlying mechanisms of how the human innate immune system (HIIS)
functions especially when provoked with different types and levels of insult.
In Chapter 1, I presented a model of the human innate immune response to
systemic inflammation that incorporates all fundamental players. The HIIS
model is validated and calibrated against clinical trials data of patients
undergoing cardiac surgery with bypass filter. The model shows the
dynamics of different key parameters in the human innate immune response
at the onset of surgery and up until 36 hours post- surgery.
An induction mechanism of endogenous alkaline phosphatase (AP) was
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observed at the onset of surgery for those patients who are continuously
infused with bovine alkaline phosphatase (bIAP) or supplemented alkaline
phosphatase. It was hypothesized that the existence of this induced
endogenous AP could be the body’s way of assisting HIIS to counteract such
an extensive degree of insult. The calibrated and validated HIIS also
incorporates an equation that describes this induction mechanism. In-silico
experiments designed to represent various regimes of alkaline phosphatase
supplementation reveals the positive effect that AP has in neutralizing the
current inflammation. Additional Phase III clinical trials are currently on the
way to confirm this beneficial effect of AP in patients undergoing cardiac
surgery.
The model, however, has several drawbacks. Using ordinary differential
equations, it neglects the spatial dynamics of cellular and molecular entities,
which would potentially help unravel more of the underlying mechanisms of
HIIS. More so, the calibration and validation of the model is only done
against the median of the population per treatment. Despite its drawbacks,
the HIIS model in its current form offers preliminary insights in
understanding what is going on in the body during systemic inflammation.
The human innate immune response is inscripted deep into the germline of
humans that has been the work of evolution itself. Consequently, whatever
remains in the contemporary version of HIIS is what nature has decided to
be the most useful, shedding inferior mechanisms over the course of
evolutionary time. In Chapter 2, I looked into the behavior of one of the early
responders during inflammation in an evolutionary perspective. Here I try to
answer the question, how and more importantly why did nature come up
with the optimized percentage of necrotic and apoptotic neutrophil
population that we see in data. This is investigated under the assumption
that the percentages of apoptotic and necrotic population observed in
contemporary data is the result of years of evolution, and that these
percentages of neutrophils have been optimized to be able to neutralize the
corresponding level of insult.
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By using a simple model with concepts that are based on evolutionary game
theory, I was able to pinpoint that the cost of the remaining ITMs in the
system, that is, the threat of the current concentration of ITMs that has not
yet been resolved by the remaining immune cells, is the sole driving force
that dictates the optimal concentrations of apoptotic and necrotic cells in
the system. Correspondingly, by using cellular automata, I was able to
numerically show that neutrophils need a sufficient amount of information
regarding the scale of insult in order to pick a death pathway. It seems,
therefore, that each entity in the system only decides to pick a strategy when
this strategy increases the overall payoff of the system. That is, the choice
for apoptosis or necrosis are only made when it benefits the entire organism.
This further invites another question: when does this global cooperation
crumble? Entities that choose strategies for the overall good is comparable
to a society that is managed by a central government, having its
subordinates act only when the said action is not detrimental or better yet
beneficial to the system, thus increasing the overall payoff of the system. In
this line of work, I show that indeed, having enough information about the
payoff of the system leads to a global cooperation, hence survival of the
organism. This global scheme, where all entities choose strategies that turn
out to be beneficial to the entire organism, collapses when these entities are
made to migrate to other locations in a random fashion. This is comparable
to having neutrophils displaced to other locations in such a way that the
chosen strategy would have been detrimental to the system. For instance,
an activated neutrophil would aggravate the inflammation by being
displaced to an area of tissue that contains mostly necrotic entities.
Patients who have undergone cardiac surgery needed to be monitored
closely for signs of post-surgery complications, which might easily escalate
to serious clinical conditions. After all, at this stage, the human innate
immune system has exhausted its resources and thus needed time to
recuperate and reestablish stability. Developing complications at such a frail
state could threaten the homeostasis of the system, which can sometimes
lead to serious clinical consequences, with the worst-case being death. In
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Chapter 3, I explored how the human innate immune system react to
complications post-surgery by perturbing the human innate immune system
with ITMs in various regimes. These regimes are designed to mimic
recurring episodes as well as highly persistent post-surgery complications.
I was able to pinpoint the critical concentrations of ITMs that was able to
shift the system’s state from health to disease by using early warning
signals. This shift of system state between alternate regimes is the so-called
critical transition. Critical transitions have been shown to be exhibited by
numerous dynamical systems such as financial markets, biological
systems, complex diseases and even in dynamics of clinical depression in
humans. This line of work in particular is by far the first attempt at detecting
critical transitions in the human innate immune system and is nowhere else
found in literature. I was able to detect the critical concentration of ITMs that
was capable of toppling the state of the system from health to disease. By
using early warning signals, it was pinpointed in the HIIS model that
concentrations of ITMs and alkaline phosphatase are key markers where the
onset of a critical transition from health to disease are significantly detected.
Using the same methods on the clinical trials data of patients undergoing
cardiac surgery reveals a significant detection of critical transitions as well
as non-criticalities in platelet count, that turns out to be a documented
significant indicator for post-surgery bleeding. The difference in detected
“death markers,” or blood parameter indicators of death lies in the fact that
the HIIS model is only composed of key immune cells and molecules, while
the clinical trial data has a wider range of blood parameters. Secondly, the
HIIS model was calibrated on the median of the population, thus neglected
any other dynamics that can be observed in individual patients. A stronger
conclusion can, however, be made with additional data.
There is still a need to solidify the claim that alkaline phosphatase indeed
has beneficial effects on the human innate immune system’s fight against
insult. Moreover, the HIIS model needs further refinement. First off, there is
a need to extend the model so that HIIS incorporates the maturation cycle
of neutrophils, which starts at the bone marrow, up until they are released
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into circulation. Incorporating this mechanism warrants that HIIS goes back
into homeostasis, providing a complete and more robust model that is ideal
for exploring new avenues in HIIS.
Although I have shown, through a series of sensitivity tests, that several
parameters in HIIS are highly sensitive to AP, the rest of the parameters
seem to be insensitive not only to AP but also to ITMs. This implies that the
number of parameters used in the model can still be further reduced through
a thorough investigation of the model’s sensitivity. This is because fewer
parameters offer a better manageability of the model. More so, it could
greatly reduce the computational efforts required to optimize the
parameters during model calibration.
Another interesting direction to look into is exploring and assessing the
possibility of using another dataset to calibrate and validate the HIIS model.
This new dataset could be about a totally different trigger for systemic
inflammation, such as that experienced by burn patients, where
complications post-burn injuries often occur not only days, or weeks, and
even months after the incident. This, however, requires that the HIIS model
has all of its immune cells going back into homeostasis, a feature that the
current model lacks.
Incorporating heat into HIIS is another attractive venue to explore especially
after the emergence of recent discoveries where HIIS in fact reacts to
changes in core temperature. However, it remains unclear at which
temperatures does heat become detrimental to the human body.
Lastly, although evolutionary game theory appears to be a good choice in
understanding the tradeoff between apoptosis and necrosis, it would be
closer to reality if I adopt as system that involves the movement of
neutrophils. However, at this point, there is no available spatial data that
could help validate these results.
This thesis provides preliminary results that contributes to the advancement
of the fundamental knowledge on the human innate immune response.
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Samenvatting
Het aangeboren immuunsysteem van de mens is trots een essentiële
partner van de adaptieve immuunrespons. In feite hebben alleen gewervelde
dieren het extra voordeel van de adaptieve immuunrespons, terwijl de
meeste organismen die op de planeet gedijen alleen op het aangeboren
immuunsysteem kunnen overleven 6.
Mijn scriptie is gewijd aan het begrijpen van de complexiteit, ingewikkelde
details en onderliggende mechanismen van hoe het menselijke aangeboren
immuunsysteem (HIIS) functioneert, vooral wanneer het wordt uitgelokt met
verschillende soorten en niveaus van belediging.
In hoofdstuk 1 presenteerde ik een model van de menselijke aangeboren
immuunrespons op systemische ontsteking waarin alle fundamentele
spelers zijn opgenomen. Het HIIS-model is gevalideerd en gekalibreerd op
basis van gegevens uit klinische onderzoeken van patiënten die een
hartoperatie ondergaan met een bypassfilter. Het model toont de dynamiek
van verschillende belangrijke parameters in de menselijke aangeboren
immuunrespons bij het begin van de operatie en tot 36 uur na de operatie.
Een inductiemechanisme van endogene alkalische fosfatase (AP) werd
waargenomen bij het begin van de operatie voor die patiënten die continu
worden geïnfuseerd met alkalische fosfatase van runderen (bIAP) of
aangevuld alkalische fosfatase. De hypothese was dat het bestaan van dit
geïnduceerde endogene AP de manier van het lichaam zou kunnen zijn om
HIIS te helpen een dergelijke uitgebreide mate van belediging tegen te gaan.
De gekalibreerde en gevalideerde HIIS bevat ook een vergelijking die dit
inductiemechanisme beschrijft. In-silico-experimenten die zijn ontworpen
om verschillende regimes van alkalische fosfatase-suppletie weer te geven,
onthullen het positieve effect dat AP heeft bij het neutraliseren van de
huidige ontsteking. Aanvullende fase III klinische onderzoeken zijn
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momenteel op weg om dit gunstige effect van AP bij patiënten die een
hartoperatie ondergaan te bevestigen.
Het model heeft echter verschillende nadelen. Door gewone
differentiaalvergelijkingen te negeren, verwaarloost het de ruimtelijke
dynamiek van cellulaire en moleculaire entiteiten, wat mogelijk zou helpen
meer van de onderliggende mechanismen van HIIS te ontrafelen. Meer nog,
de kalibratie en validatie van het model gebeurt alleen tegen de mediaan van
de populatie per behandeling. Ondanks zijn nadelen biedt het HIIS-model in
zijn huidige vorm voorlopige inzichten in wat er in het lichaam aan de hand
is tijdens systemische ontsteking.
De aangeboren immuunrespons van de mens is diep gegrift in de kiemlijn
van de mens die het werk van de evolutie zelf is geweest. Bijgevolg is wat de
rest van de hedendaagse versie van HIIS is wat de natuur heeft besloten de
meest bruikbare te zijn, die in de loop van de evolutionaire tijd inferieure
mechanismen aflegt. In hoofdstuk 2 onderzocht ik het gedrag van een van
de eerste responders tijdens ontstekingen in een evolutionair perspectief.
Hier probeer ik de vraag te beantwoorden, hoe en nog belangrijker, waarom
heeft de natuur het geoptimaliseerde percentage necrotische en
apoptotische neutrofielenpopulatie gevonden dat we in gegevens zien. Dit is
onderzocht in de veronderstelling dat de percentages apoptotische en
necrotische populatie die worden waargenomen in hedendaagse gegevens
het resultaat zijn van jaren van evolutie, en dat deze percentages
neutrofielen zijn geoptimaliseerd om het overeenkomstige niveau van
belediging te kunnen neutraliseren.
Door een eenvoudig model te gebruiken met concepten die zijn gebaseerd
op evolutionaire speltheorie, kon ik vaststellen dat de kosten van de
resterende ITM's in het systeem, dat wil zeggen de dreiging van de huidige
concentratie van ITM's die nog niet is opgelost door de resterende
immuuncellen, is de enige drijvende kracht die de optimale concentraties
van apoptotische en necrotische cellen in het systeem dicteert.
Dienovereenkomstig kon ik door het gebruik van cellulaire automaten
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numeriek aantonen dat neutrofielen voldoende informatie nodig hebben
over de omvang van de belediging om een doodstraject te kiezen. Het lijkt er
daarom op dat elke entiteit in het systeem alleen besluit om een strategie te
kiezen wanneer deze strategie de totale uitbetaling van het systeem
verhoogt. Dat wil zeggen dat de keuze voor apoptose of necrose alleen
wordt gemaakt als het het hele organisme ten goede komt.
Dit roept nog een andere vraag op: wanneer brokkelt deze wereldwijde
samenwerking af? Entiteiten die strategieën voor het algemeen belang
kiezen, zijn vergelijkbaar met een samenleving die wordt beheerd door een
centrale overheid, waarbij haar ondergeschikten alleen handelen wanneer de
genoemde actie niet schadelijk of beter maar toch gunstig is voor het
systeem, waardoor de totale uitbetaling van het systeem wordt verhoogd. In
dit werk laat ik zien dat het hebben van voldoende informatie over de
uitbetaling van het systeem inderdaad leidt tot een wereldwijde
samenwerking, en dus tot overleving van het organisme. Dit wereldwijde
schema, waarbij alle entiteiten strategieën kiezen die gunstig blijken te zijn
voor het hele organisme, stort in wanneer deze entiteiten op willekeurige
wijze naar andere locaties worden gemigreerd. Dit is vergelijkbaar met het
zodanig verplaatsen van neutrofielen naar andere locaties dat de gekozen
strategie schadelijk zou zijn voor het systeem. Een geactiveerde neutrofiel
zou bijvoorbeeld de ontsteking verergeren door zich te verplaatsen.
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What do you see when you turn out the light?
I can't tell you, but I know it's mine.
Oh, I get by with a little help from my friends

~ The Beatles
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