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Abstract. Coronary artery bypass grafting with cardiopulmonary bypass acti-
vates the human innate immune system (HIIS) and invokes a vigorous inflam-
matory 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 health to disease, or even to some extent, death. The
body, after all, is in a state where majority of its immune cell populations have
been depleted, and sometimes needs days or even longer to recuperate. To
obtain a deeper understanding on how HIIS responds to complications after
cardiac surgery, we perturb the immune system model that we have developed
in an earlier work in-silico by adding another source of inflammation triggering
moieties (ITMs) hours after surgery in various regimes. A critical transition
occurs upon the addition of a critical concentration of ITMs when the insult is
sustained for approximately 3 h — a total concentration that corresponds to the
fatal concentration of ITMs documented in literature. By perturbing HIIS in-
silico with additional sources of ITMs to mimic persistent and recurring epi-
sodes of post-surgery complications, we are able to specify under which con-
ditions critical transitions occur in HIIS, as well as pinpoint important blood
parameters that exhibit critical transitions in our model. More importantly, by
applying early warning signals on the clinical trial data used to calibrate and
validate HIIS model, we are able to detect blood parameters that exhibit critical
transitions in patients who died post-surgery, where pro-inflammatory cytokines
are deemed potential markers for critical transitions.

Keywords: Human innate immune response * Post-surgery complications *
Critical transitions * Early warning signals

1 Introduction

Coronary artery bypass grafting (CABG) with cardiopulmonary bypass (CPB) invokes
a systemic inflammatory response that activates HIIS. Contact of blood components
with the artificial surface of the bypass circuit induces sheer stress on blood cells.
Ischemia-reperfusion injury due to accumulated ITMs that have crossed the gut-barrier
during hypo-perfusion [1], endotoxemia or the presence of endotoxins such as ITMs in
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the blood, as well as tissue damage caused by the surgical wound are all possible
causes of systemic inflammatory response syndrome (SIRS). This massive inflamma-
tory 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 [2]. 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 [3, 4], postoperative respiratory failure has a mortality rate of 80% in
patients undergoing cardiac surgery [5, 6]. 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% [7, 8].
The Society of Thoracic Surgeons National Database reported that 20% (22,000
patients) of “low-risk™ patients developed postoperative complications.

Using the HIIS model that we have developed in an earlier work [9], we show how
HIIS reacts to complications after surgery by adding a source of ITMs in-silico hours
post-surgery. The developed model is an ordinary differential equations model of that
of HIIS in response to systemic inflammation. The model has been calibrated and
validated against clinical trials data of patients undergoing cardiac surgery. ITMs may
refer to any cell or enzyme that triggers the innate immune response, such as bacterial
lipopolysaccharides (LPS) and extracellular nucleotides [10, 11]. In case of a massive
insult, HIIS’ response becomes amplified and dysregulated [12], which leads to the
imbalance between pro-inflammatory and anti-inflammatory cytokines [13]. By per-
turbing the in-silico system with different intensities of ITMs, we aim to test the
resilience of HIIS 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 can occur as a
rapid shift from state of health to disease in various manners [14, 15]. In depression,
fluctuations of emotions serve as indicators for tipping points from normal to the onset
of a depressive state [16]. Other examples also include systemic market crashes
observed in financial systems [17, 18], the slowing down of fluctuations before a
climate shift [19, 20], trends of a declining population prior to extinction [21, 22],
blood parameters as indicators of tipping points in patients undergoing cardiac surgery
[23], and early warning systems in floods [24] and dams.

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 to indicate presence of critical transitions [25].
Sometimes, these transitions are observed in changes in correlations, standard devia-
tion, and skewness of system measurements through time [26].

We define critical transition occurring in the in-silico model when blood parameter
concentrations exhibit either a saturation to a maximum value, as in the case of increasing
concentrations of ITMs, accompanied by the depletion of other immune cell populations.
These serve as strong indicators that the body is no longer able to neutralize the ongoing
inflammation. We show that the system shifts abruptly and irreversibly from the state of
health to disease given a critical threshold of ITMs in our model.
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This startling transition in HIIS poses an urgent and crucial concern as it might be
difficult, or even impossible for medical practitioners to act upon beforehand due to the
abrupt nature of the transition. Due to the urgency of the situation, it calls for a deeper
understanding on the nature of the instances that contribute to the occurrence of these
transitions. More importantly, there is a need to investigate the possibility of detecting
these transitions at a considerable time before the event happens. We define a healthy
state when HIIS can resolve or neutralize all ITMs, while disease when ITMs are not
resolved within incubation time. Consequently, critical transition is the point when the
state of the system shifts from health to disease. Finally, we assess the capability of
EWS in detecting critical transitions in clinical trials data of patients undergoing car-
diac surgery that was used to calibrate and validate HIIS model in [9]. In the clinical
trials data, 3 out of 52 patients died post-surgery. In the context of our model, we define
the 3 patients who died as critical patients who exhibited critical transitions in their
blood parameters, while the remaining patients we refer to as non-critical.

2 Methods

2.1 Metric and Model-Based Indicators

EWS for detecting critical transitions in systems can be 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 [27]. 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 tran-
sition from state of health to disease, which are explained each in turn next.

The most important hints of whether a system is close to a critical transition is
referred to in dynamical systems theory as “critical slowing down” [28]. It’s most
straightforward implication is when the rate of recovery after tiny perturbations can be
used as an indicator on whether a system is close to a bifurcation point [29]. That is, the
time it takes to return to equilibrium even after tiny perturbations strongly increases as
the system approaches the threshold of bifurcation. Hence, referring to how the system
“slows down” going back to equilibrium [30, 31].

Variance. An increase in variance in fluctuation patterns could be another consequence
of critical slowing down. As a system approaches a tipping point it could exhibit
increasingly strong variations at measurements around the equilibrium as the impacts of
perturbations do not decay, and only accumulates. 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 distri-
bution asymmetry [32]. 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 [33]. Therefore, an increase in kurtosis, or “bulging” is observed in the
measurements leading to a tipping point.
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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 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 [34]. Time-varying Autoregressive
models (AR) at time lag p is also one of the numerous methods used to estimate the
local dynamics in measurements of a system [35]. The first step is calculating the
inverse of the characteristic root (1), by estimating the autoregressive function. Values
for A that approaches O 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, 4 would simply be the
slope of change between two time points, y(#) and y(r — 1). See equation for time-
varying AR(1) model in Eq. (1). The smaller this slope is, the more similar the mea-
surements are at time ¢ — 1 with ¢. Hence, it would be quicker for the system to go back
to equilibrium. On the other hand, when values for A approach 1, measurements
become increasingly varied hence implying instability.

() = a(t)y(t = 1) + (1), ()

where a(z) corresponds to the autoregressive coefficient, and &(r) corresponds to the
environmental variability [27].

2.2 Trend Detection

Any presence of statistically significant increasing trends captured by early warning
indicators are evaluated using the Mann-Kendall trend test. The Mann-Kendall trend
test is a non-parametric test that analyzes consistent increasing or decreasing patterns in
data series. The null hypothesis being 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 one-tailed test. This means that we only look at
positive trends in values of EWS to be able to fully understand the system.

3 Results and Discussion

3.1 Effects of Adding Inflammation Triggering Moieties In-Silico
to the Human Innate Immune System 2 Days After Surgery

Cardiac surgery with CABG activates HIIS, which invokes a vigorous response that
most likely depletes the body’s reservoir of immune cells, proteins, and enzymes, 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 3™ day post-surgery. These levels, however, returned to normal
after a week after surgery [36]. The occurrence of complications post-operation
becomes a serious threat as the body has not yet fully recovered. Complications
sometimes happen from 2 to 9 days after surgery [37]. In a study conducted by
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Hashemzadeh et al., the majority of the complications, more specifically postoperative
atrial fibrillation, develop within the first 2 days after surgery [38]. Hence, in all our
experiments, we add a source of ITMs that starts at 48 h after cardiac surgery.

Below we explore the effects of adding various concentrations of ITMs in-silico
48 h after surgery for a duration of 3 h. 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. 3 h is the duration
of insult that is typically observed in patients undergoing cardiac surgery before they
stabilize back to normal values, often 7 days after surgery [36, 39]. We show that this
duration of adding ITMs is able to tip the balance, pushing the state of the system from
health to disease, which we will later show numerically in Sect. 3.2. We summarize our
results in Fig. 1.
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Fig. 1. Human Innate Immune Response to Post-Operative complications. Excess ITMs are
continuously added for 3 h in-silico at exactly 48 h (2 days) after surgery. Our results show that
at an ITM concentration of 1 x 10? ¢S the concentration of ITMs in the tissue remains

mm3°
unneutralized even after 96 h of surgery. Compared to 1 x 10° lff—l::?, this concentration HIIS can
completely neutralize the inflammation at 60 h post-surgery. Pro-inflammatory cytokines,
proteins responsible for opening 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 x10° fne—lgi AP, enzymes known to neutralize ITMs, are depleted both in blood and tissue at
added ITM concentration of 1 x 10° ;;eT];llS* Resting macrophages show slight differences for
various ITM concentration regimes due to the slow replenishment rate from the bone marrow.
Nonetheless, we still see a depletion of concentration of resting macrophages at a critical ITM
concentration of 1 x 10° 5—;‘5 Cells, in the context of our work, also refer to proteins, enzymes,

and molecules as a unifying unit in our system. (Color figure online)
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The abrupt change in blood parameter concentrations shown in our results imply
that there seems to be a critical concentration of ITMs where HIIS is no longer able to
neutralize the inflammation. We highlight this in red as shown in Fig. 1. With over-
whelming concentration of ITMs, activated neutrophils that are at the site of inflam-
mation go into necrosis, as an attempt, paradoxically, to aggravate the inflammation,
which results in the recruitment of more neutrophils into the site of inflammation. This
peculiar choice in death pathway (apoptosis or necrosis) is explained and modeled in
[40, 41]. Necrosis, a violent death pathway that involves the rupture of the neutrophil’s
cytoplasmic content into its surroundings, releases an additional source of ITMs that
invokes a series of immune cell responses, which fuels, and further aggravates the
ongoing inflammatory response. One could imagine the effect of a considerable amount
of ITMs on HIIS. More specifically, how it induces a magnified and continuous pro-
duction of concentrations of pro-inflammatory cytokines.

With additional ITM concentrations of 1 x 108 Icme—lIll%, ITMs in tissue decrease 60 h

after surgery, implying that the body is still capable of neutralizing the additional
amount of insult. On the other hand, this ITM concentration saturates when the added

cells
mm?**
cytokines is to open up the endothelial barrier, which consequently recruits a fresh fleet
of neutrophils into the site of inflammation. We show in our results that the concen-

tration of pro-inflammatory cytokines increases and saturates to a steady level when the

added concentration of ITMs 1 x 10° Icne—llrls while AP in blood and in tissue becomes

depleted. In contrast, for added ITMs of 1 x 10% rcne—r11]1§’ pro-inflammatory cytokines

concentration of ITMs is 1 x 10° One of the key functions of pro-inflammatory

level slides back to zero and AP stabilizes back to normal roughly 60 h after surgery.
Added ITMs do not seem to affect activated macrophages and neutrophils as shown
in Fig. 2.
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Fig. 2. Resting and Activated Macrophages and Neutrophils’ Response to Added ITMs. 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 HIIS. Therefore,
additional source of ITMs, especially when the immune cells, proteins, and enzymes are already
depleted, will still invoke the maximum effect on macrophages and neutrophils. Cells, in the
context of our work, also refer to proteins, enzymes, and molecules as a unifying unit in our
system.
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This is because even without a new source of ITMs, resting macrophages and
neutrophils have already been fully activated. Hence, additional source of ITMs will
not significantly change the profiles of these immune cells, proteins, and enzymes.
During systemic insult, the bone marrow releases both mature and immature neu-
trophils into the bloodstream. This is the so-called “left shift,” which refers to the
increase in the number of immature neutrophils in the bloodstream [42]. After which, it
takes roughly a week for the bone marrow to release a new set of mature neutrophils
into the bloodstream [43, 44].

3.2 How Does the Human Innate Immune System Respond to Persistent
and Recurrent Episodes of Post-surgery Complications?

In this section, we further explore how HIIS responds to complications that are either
recurring or persistent by adding ITMs in various regimes: 1) changing intervals and 2)
changing durations.

Effects of Adding Inflammation Triggering Moieties In-Silico at Different Time
Intervals?

Here we introduce an additional source of ITMs at various intervals: 8 h, 16 h, and
24 h intervals. The concentration of ITMs is continuously added for 30 min to mimic
those complications that are persistent. Our results are summarized in Fig. 3.

Our results show that recurrent episodes of post-surgery complications that are
sustained for 30 min only exhibit critical transitions when the intervals between epi-
sodes are 8 h. Our initial results show a proof-of-concept that there exists a critical
interval between episodes that drives the state of the system to shift from one regime to
another, which could possibly make interventions by medical practitioners feasible.

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 min of continuous infusion, to 1 h, 2 h and 3 h. Our
results are summarized in Fig. 4.

Our results show that the system can no longer neutralize the inflammation when the
added insult is sustained for 3 h. This can be deduced based on the profiles of ITMs in
the tissue as well as pro-inflammatory cytokines, which portray high values. AP in
blood and tissue, however, are depleted.

Intuitively, we are able to show numerically that the duration of added ITMs in the
system has prominent effects on ITMs in tissue, pro-inflammatory cytokines, and AP
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 complica-
tions could tip the balance between health and disease when the time interval reaches
8 h apart. In this section, we show that this critical transition happens when the post-
surgery complication is persistent and lasts for 3 h. This is in fact consistent with the
findings of Damas et al., where the overall concentration of ITMs within this 3-h
duration corresponds to the fatal concentration of ITMs in humans [45].
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Fig. 3. Human Innate Immune Response to Additional Sources of ITMs at Varying Time
Intervals. A non-fatal concentration of 1 X 109rcne—lllll§ ITMs [45] was added at different time
intervals starting at 2 days (48 h) after surgery continuously for 30 min to mimic a persistent and
recurring post-surgery complication. Our results show that when the interval between each
episode decreases to 8 h, 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, proteins and enzymes are no longer able to
neutralize the ITMs. Moreover, more pro-inflammatory cytokines are induced due to the intense
scale of insult. Cells, in the context of our work, also refer to proteins, enzymes, and molecules as
a unifying unit in our system.

Critical Transitions in Blood Parameter Timeseries of Patients Undergoing Cardiac
Surgery?
The clinical trials data is composed of concentrations of 43 various blood parameters
sampled from 52 patients who have undergone cardiac surgery with bypass filter. Time
stamps at which the samples were taken were also recorded and indicated in the data.
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 [9].
The raw data contains a huge amount of missing data points (58.7%) because not all
blood parameters are sampled. Missing values are inevitable in clinical trial data, so it
is necessary that the methods are able to deal with this type of data. Numerous
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Fig. 4. Human Innate Immune Response to Added ITMs at Different Time Durations. A non-
fatal concentration of 1 x 10° ;:ne_rlgg ITMs [45] was added at increasing durations starting at 2 days
(48 h) after surgery continuously for 30 min, 1, 2, and 3 h to model persistent post-surgery

complications. Our results show that when the infusion of ITMs is 3 h, the system undergoes a
transition where it is no longer able to neutralize the ITMs effectively

techniques are able to handle missing values. But what is important is that, these
techniques should not significantly increase the rate at which false positives are being
detected or labeling critical patients as non-critical; labeling critical patients as healthy.
Otherwise, it makes the signal noisy as well as impractical for medical practitioners to
act upon.

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 and only within the distribution of the type of patients involved. That is, boot-
strapping of non-critical patient is only resampled within the distribution of non-critical
patients. The same goes with critical patients, where missing data points are resampled
within the distribution of critical patients. In this way we limit the possibility of
increasing false negatives in our bootstrapped data. We resampled 100 times to ensure
variability in the bootstrap samples.
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Since we are dealing with an imbalanced data set — 6% of the data are critical
patients and the rest are non-critical, we assess the performance of EWS 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 1.

Table 1. Definition of terms used for assigning critical and non-critical patients.

Symbol | Interpretation | Definition

Tp True positive | Assigning critical patients as critical

Fp False positive | Assigning non-critical patients as critical

Fy False negative | Assigning critical patients as non-critical

Tn True negative | Assigning non-critical patients as non-critical

The F1 score is calculated based on Eq. (2):

P-R
1= P—|——R’ (2)
where P corresponds to precision, which provides a measure or percentage of the
results that are relevant as it measures the percentage of true positive with respect to the
total predicted positive (true positive + false positive). R is Recall, which measures the
fraction of relevant instances retrieved or what percentage of the actual number of
critical patients are correctly identified by the methods. Precision provides a good
measure when the cost of false positive is high. On the other hand, Recall is a good
measure when the cost of false negative is high. F1 score provides a good measure that
seeks the balance between precision and recall especially when the dataset exhibits an
imbalanced class distribution. We correct this from a previously published work, where

we used Recall and Precision as measures of our model [23].

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 EWS. This
is done by using a rolling window of half the size of the time series data for each
methodology for EWS. The Mann Kendall trend test is then used to test the presence of
a significant increasing 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 data sets. These results are summarized in Fig. 5.
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Fig. 5. F1 Score of model output after using early warning signals in detecting critical and non-
critical patients. The highest F1 score corresponds to KreaMDRD, which corresponds to the level
of creatinine in blood calculated using the MDRD (Modification of Diet in Renal Disease Study)
equation with Kurtosis as EWS. This is followed by IL6 (pro-inflammatory cytokine) and LD
(Lactate Dehydrogenase) with autoregression and variance as EWS respectively.

4 Summary and Conclusion

Using our model of the human innate immune response for patients undergoing cardiac
surgery, we show how HIIS reacts to complications that occur post-surgery. We did
this by adding in-silico ITMs at 48 h (2 days) after surgery. We showed that an

additional concentration of 1 x 109§:ne_rllll§ ITMs continuously added for 3 h lead to a
rapid and irreversible critical transition from health to disease. In fact, this concen-
tration of ITMs corresponds to the fatal concentration of ITMs documented in litera-
ture. We used EWS to detect the presence or absence of critical transitions in clinical
trials data of patients undergoing cardiac surgery. Our initial findings show that by
using EWS, blood parameter markers such as Creatinine, IL6 and Lactate Dehydro-
genase reveal significant presence of critical transitions. IL6, a pro-inflammatory
cytokine, was also pinpointed in the in-silico model as one of the blood parameters that
exhibit critical transitions. However, more experiments need to be done to carefully
assess the strength of positive trends that we have detected using EWS.

We have provided a proof-of-concept on the existence of critical transitions in HIIS
model, with ITMs as the driving force for this bifurcation. Our initial findings call for a
thorough investigation on the conditions at which critical transitions occur in HIIS.
More importantly, to explore if the onset of this bifurcation can be detected using
known methods in EWS, which we perceive as potentially interesting and helpful to
medical practitioners as these might serve as indicators to warn, or better yet prevent
the onset of disease leading to fatalities.



382

A. Presbitero et al.

References

10.

11.

12.
13.

14.

15.

16.

17.

18.

. Laffey, J.G., Boylan, J.F., Cheng, D.C.H.: The systemic inflammatory response to cardiac

surgery. Anesthesiology 97, 215-252 (2002). https://doi.org/10.1097/00000542-200207000-
00030

. Paparella, D., Yau, T.M., Young, E.: Cardiopulmonary bypass induced inflammation:

pathophysiology and treatment. Update (2002). https://doi.org/10.1016/S1010-7940(01)
01099-5

. Nalysnyk, L.: Adverse events in coronary artery bypass graft (CABG) trials: a systematic

review and analysis. Heart (2003). https://doi.org/10.1136/heart.89.7.767

. Rong, L.Q., Di Franco, A., Gaudino, M.: Acute respiratory distress syndrome after cardiac

surgery (2016). https://doi.org/10.21037/jtd.2016.10.74

. Rubenfeld, G.D., Herridge, M.S.: Epidemiology and outcomes of acute lung injury. Chest

(2007). https://doi.org/10.1378/chest.06-1976

. Weissman, C.: Pulmonary complications after cardiac surgery. In: Seminars in Cardiotho-

racic and Vascular Anesthesia (2004). https://doi.org/10.1177/108925320400800303

. Jong, P., Vowinckel, E., Liu, P.P., Gong, Y., Tu, J.V.: Prognosis and determinants of

survival in patients newly hospitalized for heart failure: a population-based study. Arch.
Intern. Med. (2002). https://doi.org/10.1001/archinte.162.15.1689

. Lloyd-Jones, D., et al.: Heart disease and stroke statistics - 2010 update: A report from the

American heart association (2010). https://doi.org/10.1161/CIRCULATIONAHA.109.
192666

. Presbitero, A., Mancini, E., Brands, R., Krzhizhanovskaya, V.V., Sloot, P.M.A.: Supple-

mented alkaline phosphatase supports the immune response in patients undergoing cardiac
surgery: clinical and computational evidence. Front. Immunol. 9, 2342 (2018). https://doi.
org/10.3389/fimmu.2018.02342

Poelstra, K., Bakker, W.W., Klok, P.A., Hardonk, M.J., Meijer, D.K.: A physiologic
function for alkaline phosphatase: endotoxin detoxification. Lab. Invest. 76, 319-327 (1997)
Kats, S., et al.: Anti-inflammatory effects of alkaline phosphatase in coronary artery bypass
surgery with cardiopulmonary bypass. Recent Pat. Inflamm. Allergy Drug Discov. 3, 214—
220 (2009). IADD-01 [pii]

Cohen, J.: The immunopathogenesis of sepsis (2002). https://doi.org/10.1038/nature01326

Schulte, W., Bernhagen, J., Bucala, R.: Cytokines in sepsis: potent immunoregulators and
potential therapeutic targets—an updated view. Mediat. Inflamm. (2013). https://doi.org/10.
1155/2013/165974

Trefois, C., Antony, P.M.A., Goncalves, J., Skupin, A., Balling, R.: Critical transitions in
chronic disease: transferring concepts from ecology to systems medicine (2015). https://doi.
org/10.1016/j.copbio.2014.11.020

Liu, R, Yu, X, Liu, X., Xu, D., Aihara, K., Chen, L.: Identifying critical transitions of
complex diseases based on a single sample. Bioinformatics 30, 1579-1586 (2014). https://
doi.org/10.1093/bioinformatics/btu084

van de Leemput, I.A., et al.: Critical slowing down as early warning for the onset and
termination of depression. Proc. Natl. Acad. Sci. U. S. A. 111, 87-92 (2014). https://doi.org/
10.1073/pnas.1312114110

May, R.M,, Levin, S.A., Sugihara, G.: Complex systems: ecology for bankers. Nature 451,
893-895 (2008). https://doi.org/10.1038/451893a

Quax, R., Kandhai, D., Sloot, P.M.A.: Information dissipation as an early-warning signal for
the Lehman Brothers collapse in financial time series. Sci. Rep. 3, 1898 (2013). https://doi.
org/10.1038/srep01898


https://doi.org/10.1097/00000542-200207000-00030
https://doi.org/10.1097/00000542-200207000-00030
https://doi.org/10.1016/S1010-7940(01)01099-5
https://doi.org/10.1016/S1010-7940(01)01099-5
https://doi.org/10.1136/heart.89.7.767
https://doi.org/10.21037/jtd.2016.10.74
https://doi.org/10.1378/chest.06-1976
https://doi.org/10.1177/108925320400800303
https://doi.org/10.1001/archinte.162.15.1689
https://doi.org/10.1161/CIRCULATIONAHA.109.192666
https://doi.org/10.1161/CIRCULATIONAHA.109.192666
https://doi.org/10.3389/fimmu.2018.02342
https://doi.org/10.3389/fimmu.2018.02342
https://doi.org/10.1038/nature01326
https://doi.org/10.1155/2013/165974
https://doi.org/10.1155/2013/165974
https://doi.org/10.1016/j.copbio.2014.11.020
https://doi.org/10.1016/j.copbio.2014.11.020
https://doi.org/10.1093/bioinformatics/btu084
https://doi.org/10.1093/bioinformatics/btu084
https://doi.org/10.1073/pnas.1312114110
https://doi.org/10.1073/pnas.1312114110
https://doi.org/10.1038/451893a
https://doi.org/10.1038/srep01898
https://doi.org/10.1038/srep01898

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Detecting Critical Transitions in the Human Innate Immune System 383

Dakos, V., Scheffer, M., van Nes, E.H., Brovkin, V., Petoukhov, V., Held, H.: Slowing
down as an early warning signal for abrupt climate change. Proc. Natl. Acad. Sci. U. S. A.
105, 14308-14312 (2008). https://doi.org/10.1073/pnas.0802430105

Lenton, T.M., Livina, V.N., Dakos, V., van Nes, E.H., Scheffer, M.: Early warning of
climate tipping points from critical slowing down: comparing methods to improve
robustness. Philos. Trans. R. Soc. A Math. Phys. Eng. Sci. 370, 1185-1204 (2012).
https://doi.org/10.1098/rsta.2011.0304

Clements, C.F., Ozgul, A.: Including trait-based early warning signals helps predict
population collapse. Nat. Commun. 7, 10984 (2016). https://doi.org/10.1038/ncomms10984
Drake, J.M., Griffen, B.D.: Early warning signals of extinction in deteriorating environ-
ments. Nature 467, 456—459 (2010). https://doi.org/10.1038/nature09389

Presbitero, A., Quax, R., Krzhizhanovskaya, V., Sloot, P.: Anomaly detection in clinical data
of patients undergoing heart surgery. Procedia Comput. Sci. (2017). https://doi.org/10.1016/
j-procs.2017.05.002

Pyayt, A.L.: Combining data-driven methods with finite element analysis for flood early
warning systems. Procedia Comput. Sci. 51, 2347-2356 (2015). https://doi.org/10.1016/j.
procs.2015.05.404

Fisher, W.D., Camp, T.K., Krzhizhanovskaya, V.V.: Crack detection in earth dam and levee
passive seismic data using support vector machines. Procedia Comput. Sci. 80, 577-586
(2016). https://doi.org/10.1016/j.procs.2016.05.339

DeAngelis, D.L.: Energy flow, nutrient cycling, and ecosystem resilience. Ecology 61, 764—
771 (1980). https://doi.org/10.2307/1936746

Dakos, V., et al.: Methods for detecting early warnings of critical transitions in time series
illustrated using simulated ecological data. PLoS One 7 (2012). https://doi.org/10.1371/
journal.pone.0041010

Wissel, C.: A universal law of the characteristic return time near thresholds. Oecologia
(1984). https://doi.org/10.1007/BF00384470

Van Nes, E.H., Scheffer, M.: Slow recovery from perturbations as a generic indicator of a
nearby catastrophic shift. Am. Nat. (2007). https://doi.org/10.1086/516845

Scheffer, M., et al.: Early-warning signals for critical transitions. Nature 461, 53—-59 (2009).
https://doi.org/10.1038/nature08227

Dakos, V., van Nes, E.H., D’Odorico, P., Scheffer, M.: Robustness of variance and
autocorrelation as indicators of critical slowing down. Ecology 93, 264-271 (2012)
Guttal, V., Jayaprakash, C.: Changing skewness: an early warning signal of regime shifts in
ecosystems. Ecol. Lett. 11, 450-460 (2008). https://doi.org/10.1111/j.1461-0248.2008.
01160.x

Biggs, R., Carpenter, S.R., Brock, W.A.: Turning back from the brink: detecting an
impending regime shift in time to avert it. Proc. Natl. Acad. Sci. U. S. A. 106, 826-831
(2009). https://doi.org/10.1073/pnas.0811729106

Held, H., Kleinen, T.: Detection of climate system bifurcations by degenerate fingerprinting.
Geophys. Res. Lett. (2004). https://doi.org/10.1029/2004GL020972

Ives, A.R., Dakos, V.: Detecting dynamical changes in nonlinear time series using locally
linear state-space models. Ecosphere 3 (2012). https://doi.org/10.1890/ES11-00347.1. art58
Nguyen, D.M., Mulder, D.S., Shennib, H.: Effect of cardiopulmonary bypass on circulating
lymphocyte function. Ann. Thorac. Surg. (1992). https://doi.org/10.1016/0003-4975(92)
90319-Y

Peretto, G., Durante, A., Limite, L.R., Cianflone, D.: Postoperative arrhythmias after cardiac
surgery: incidence, risk factors, and therapeutic management. Cardiol. Res. Pract. (2014).
https://doi.org/10.1155/2014/615987


https://doi.org/10.1073/pnas.0802430105
https://doi.org/10.1098/rsta.2011.0304
https://doi.org/10.1038/ncomms10984
https://doi.org/10.1038/nature09389
https://doi.org/10.1016/j.procs.2017.05.002
https://doi.org/10.1016/j.procs.2017.05.002
https://doi.org/10.1016/j.procs.2015.05.404
https://doi.org/10.1016/j.procs.2015.05.404
https://doi.org/10.1016/j.procs.2016.05.339
https://doi.org/10.2307/1936746
https://doi.org/10.1371/journal.pone.0041010
https://doi.org/10.1371/journal.pone.0041010
https://doi.org/10.1007/BF00384470
https://doi.org/10.1086/516845
https://doi.org/10.1038/nature08227
https://doi.org/10.1111/j.1461-0248.2008.01160.x
https://doi.org/10.1111/j.1461-0248.2008.01160.x
https://doi.org/10.1073/pnas.0811729106
https://doi.org/10.1029/2004GL020972
https://doi.org/10.1890/ES11-00347.1
https://doi.org/10.1016/0003-4975(92)90319-Y
https://doi.org/10.1016/0003-4975(92)90319-Y
https://doi.org/10.1155/2014/615987

384

38.

39.

40.

41.

42.

43.

44.

45.

A. Presbitero et al.

Hashemzadeh, K., Dehdilani, M., Dehdilani, M.: Postoperative atrial fibrillation following
open cardiac surgery: predisposing factors and complications. J. Cardiovasc. Thorac. Res.
(2013). https://doi.org/10.5681/jcvtr.2013.022

Diegeler, A., et al.: Humoral immune response during coronary artery bypass grafting : a
comparison of limited approach, “Off-Pump” technique, and conventional cardiopulmonary
bypass. Circulation (2000). https://doi.org/10.1161/01.cir.102.suppl_3.iii-95

Presbitero, A., Mancini, E., Castiglione, F., Krzhizhanovskaya, V.V., Quax, R.: Evolution-
ary game theory can explain the choice between apoptotic and necrotic pathways in
neutrophils. In: 2018 IEEE International Conference on Bioinformatics and Biomedicine
(BIBM), pp. 1401-1405. IEEE (2018). https://doi.org/10.1109/BIBM.2018.8621127
Presbitero, A., Mancini, E., Castiglione, F., Krzhizhanovskaya, V.V., Quax, R.: Game of
neutrophils: modeling the balance between apoptosis and necrosis. BMC Bioinformatics 20,
475 (2019). https://doi.org/10.1186/s12859-019-3044-6

Honda, T., Uehara, T., Matsumoto, G., Arai, S., Sugano, M.: Neutrophil left shift and white
blood cell count as markers of bacterial infection (2016). https://doi.org/10.1016/j.cca.2016.
03.017

Athens, J.W.: Blood: leukocytes. Annu. Rev. Physiol. (2003). https://doi.org/10.1146/
annurev.ph.25.030163.001211

Summers, C., Rankin, S.M., Condliffe, A.M., Singh, N., Peters, A.M., Chilvers, E.R.:
Neutrophil kinetics in health and disease (2010). https://doi.org/10.1016/j.it.2010.05.006
Damas, P., et al.: Cytokine serum level during severe sepsis in human IL-6 as a marker of
severity. Ann. Surg. 215, 356-362 (1992). https://doi.org/10.1097/00000658-199204000-
00009


https://doi.org/10.5681/jcvtr.2013.022
https://doi.org/10.1161/01.cir.102.suppl_3.iii-95
https://doi.org/10.1109/BIBM.2018.8621127
https://doi.org/10.1186/s12859-019-3044-6
https://doi.org/10.1016/j.cca.2016.03.017
https://doi.org/10.1016/j.cca.2016.03.017
https://doi.org/10.1146/annurev.ph.25.030163.001211
https://doi.org/10.1146/annurev.ph.25.030163.001211
https://doi.org/10.1016/j.it.2010.05.006
https://doi.org/10.1097/00000658-199204000-00009
https://doi.org/10.1097/00000658-199204000-00009

	Detecting Critical Transitions in the Human Innate Immune System Post-cardiac Surgery
	Abstract
	1 Introduction
	2 Methods
	2.1 Metric and Model-Based Indicators
	2.2 Trend Detection

	3 Results and Discussion
	3.1 Effects of Adding Inflammation Triggering Moieties In-Silico to the Human Innate Immune System 2 Days After Surgery
	3.2 How Does the Human Innate Immune System Respond to Persistent and Recurrent Episodes of Post-surgery Complications?

	4 Summary and Conclusion
	References




