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 Introduction

Necrotizing enterocolitis (NEC) is a severe disease of the gastrointestinal (GI) tract 
that is characterized by increased permeability of the intestine and necrosis of the 
bowel wall. Although 5–25% of the cases seen occur in full-term term infants [1], 
the majority of NEC cases occur in very low birth weight (<1,500 g) premature 
infants; in fact, NEC affects up to 10% of low birth weight infants and is the leading 
cause of morbidity and mortality in the neonatal intensive care unit [2]. The onset of 
NEC is unpredictable but typically occurs within 7–14 days of birth [3]. NEC is 
categorized into three stages based on severity, and the symptoms of NEC include 
gastrointestinal dysfunction, abdominal distension, feeding intolerance, and cardio-
vascular compromise.

Pathogenesis Although its pathophysiology is not entirely understood, NEC is 
thought to be related to the interaction of a number of complex factors, including the 
physiological immaturity of the GI tract, abnormal bacterial colonization of the gut, 
and disordered inflammatory signaling. A mature intestine utilizes many defense 
mechanisms, including intestinal mucus, gastric acid, peristalsis, cell surface 
glycoconjugates, intestinal macrophages, and antimicrobial peptides, to prevent 
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the translocation of bacteria across the intestinal barrier [2–6]. In preterm infants, 
the immaturity of these mechanisms (e.g., immaturity of GI motility, digestive 
ability, barrier function, immune defense, and circulatory regulation) can lead to 
increased bacterial translocation across the intestinal barrier. As a result, bacteria 
that are normally confined to the intestinal lumen are able to reach systemic organs 
and tissues, possibly leading to bacterial sepsis.

An abnormal pattern of bacterial colonization in preterm infants may also con-
tribute to the pathogenesis of NEC. NEC does not occur in utero when the gut is 
sterile, implying that bacteria are involved in its pathogenesis [2]. Immediately fol-
lowing birth, the intestinal lumen is colonized with a diverse population of both 
harmful and helpful bacteria. Commensal bacteria (or normal flora) are helpful bac-
terial species, such as Lactobacillus or Bifidobacterium, that play a very beneficial 
role in the host by maturing the GI tract [7], enhancing digestion efficiency, decreas-
ing the permeability of the intestinal wall [8, 9], and limiting pathogenic bacterial 
colonization by competing with pathogenic bacteria for binding sites and nutrients. 
Since preterm infants are susceptible to an abnormal composition of gut microflora, 
they do not experience as many of the benefits conferred by commensal bacteria and 
often lack the necessary mechanisms to prevent uncontrolled inflammatory 
responses or to respond appropriately to normal bacterial colonization [2].

Disordered inflammatory signaling is another factor thought to contribute to 
NEC and is often associated with disordered Toll-like receptor 4 (TLR4), Toll-like 
receptor 9 (TLR9), platelet activating factor (PAF), or nitric oxide (NO) signaling. 
Activation of TLR4 by lipopolysaccharide (LPS) can result in a widespread proin-
flammatory response [10]. The signaling cascade that follows TLR4 activation trig-
gers the secretion of antimicrobial factors and IgAs [11, 12] as well as the production 
and release of various proinflammatory cytokines [13]. Sustained TLR4 activation 
leading to sustained inflammation can cause increased damage and bacterial trans-
location, contributing to the severity of NEC. TLR4 activation also causes increased 
apoptosis of intestinal epithelial cells and reduced intestinal healing.

It is important to note that all infants express TLR4 but most do not develop 
NEC. Thus, the means by which TLR4 responsiveness is maintained at an appropri-
ate level to maintain homeostasis and protect the host is an important topic for 
investigation. TLR9 is a Toll-like receptor that recognizes DNA sequences that con-
tain several CpG motifs, which are sequences that are characteristic of the bacterial 
genome [14]. Although TLR9 is known to be proinflammatory in many contexts, 
studies have shown that TLR9 activation with CpG DNA can limit TLR4 signaling 
in enterocytes and reduce intestinal inflammation in NEC [15, 16].

PAF is a potent phospholipid mediator that is secreted by multiple cell types. 
PAF release is triggered by several stimuli including hypoxia, infection, or local 
injury. PAF is hypothesized to contribute to the development of NEC since it has 
been shown to upregulate TLR4 on the intestinal epithelium [17], which in turn aug-
ments intestinal inflammation. PAF concentrations have been observed to be signifi-
cantly higher in NEC patients, likely due to increased PAF production once LPS is 
introduced into the system and/or suppressed PAF catabolism [18].
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Nitric oxide (NO) is a free radical that reacts with multiple substances, resulting 
in local and systemic effects that alter tissue inflammation. One of the most relevant 
reactions of NO is with superoxide to produce peroxynitrite [19]. Peroxynitrite is 
generated at inflammatory sites and is responsible for mediating tissue injury. 
Several studies have confirmed that NO causes epithelial injury by enhancing 
enterocyte apoptosis and disrupting the ability of the epithelial tissue to repair itself 
by inhibiting enterocyte migration [19]. In addition, NO has been shown to destroy 
tight junction proteins between enterocytes, thereby allowing bacteria to more read-
ily penetrate the epithelial layer [20, 21].

In addition to the effects of TLR4, TLR9, PAF, and NO, Nanthakumar et al. [22] 
provided evidence that the excessive inflammatory response of the immature intes-
tine may be due to inappropriate expression of innate immune response genes in 
immature tissue. For example, the study identifies developmental changes that coor-
dinate the downregulation of TLR4 expression and their signaling molecules and 
upregulation of negative regulators that are likely important in establishing postna-
tal intestinal colonization [22]. It is therefore hypothesized that if an infant is born 
before those developmental changes have taken place, they may respond inappro-
priately to bacterial colonization by triggering excessive inflammation.

Together, immaturity of the GI tract, abnormal intestinal bacterial colonization, 
and altered inflammatory signaling at least partly account for the increased risk for 
preterm babies to develop NEC. Inflammation is an essential process that ideally 
results in complete healing and reconstruction of the injured tissue; however, inflam-
mation can also cause substantial damage to surrounding tissue [23]. Under normal 
circumstances, the amount of damage caused to surrounding tissue during the 
inflammatory process is moderate and poses minimal threat to the individual. A 
problem arises, however, if the inflammation becomes excessive or persistent, as in 
NEC. The immune system is then faced with a complex challenge of responding 
sufficiently to the imposed threat without producing too much collateral damage 
[24]. We hypothesize that an imbalance in inflammation and immune mechanisms 
may occur in individuals with immature immune systems and may contribute to the 
progression of diseases such as NEC.

Intervention The American Academy of Pediatrics has acknowledged the benefits 
of human milk for all infants and particularly those born prematurely [25]. Beneficial 
effects of breast milk include improved host immune defenses, digestion, nutrient 
absorption, gastrointestinal function, and neurodevelopment [26]. These effects 
likely result from the combination of beneficial substances found in breast milk 
including anti- inflammatory cytokines that help suppress overactive immune 
responses, disease- specific antibodies, certain probiotic or beneficial bacteria, 
antimicrobial peptides, and immune cells from the mother. Heat shock protein 70 
(Hsp 70), which has been shown to protect the intestinal epithelium in adults, was 
found in mother’s milk [27]. Hsp 70 helps to maintain the intestinal barrier function 
by stabilizing the tight junctions between epithelial cells. It is not too surprising 
from this evidence, then, that NEC was 20 times more common in infants fed 
formula than in those whose diet included breast milk [28].
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Currently, the majority of infants that present symptoms of NEC are managed 
with fluid resuscitation, total parenteral nutrition, bowel rest, and intravenous anti-
biotics [29]. There is some debate if the use of antibiotics is beneficial or harmful in 
the case of NEC. Some studies have related treatment with antibiotics with an 
increased incidence of NEC since antibiotics result in decreased diversity of intesti-
nal flora and a predominance of less desirable bacteria [30].

Severe cases of NEC result in surgical intervention, which is often a challenging 
and insufficient option due to the fragility of the patients and rapid progression of 
the disease. Mortality from NEC is nearly 30–50% for infants with surgical inter-
vention [31]. Moreover, infants who recover from such surgeries may experience 
complications and other disorders later in life, including short bowel syndrome, 
intestinal strictures, and neurodevelopmental delays due to poor nutritional status 
[2, 4, 29, 32–35].

Although significant experimental and clinical progress has been made to under-
stand and identify factors that contribute to NEC [15, 19, 36–41], there is still a 
great unmet need to develop effective and noninvasive treatment strategies that can 
bolster the integrity of the epithelial wall, prevent excessive inflammation, and limit 
the colonization of pathogenic bacteria in the intestinal lumen. Probiotics, which are 
nonpathogenic bacteria species that are beneficial to the host, have been proposed as 
a possible treatment for NEC [41, 42]. The species of probiotics that are typically 
used are Bifidobacterium [43] and Lactobacillus [44], since these are the species of 
bacteria that constitute the normal flora of term infants and that occur naturally in 
breast milk. In theory, the administered probiotic bacteria will compete with the 
pathogenic bacteria while also stimulating host defense mechanisms and enhancing 
intestinal maturation [8, 9, 45, 46]. Recent findings suggest that the protective 
effects of probiotics are in part due to their ability to activate TLR9, which is known 
to inhibit TLR4 [16, 47].

Contradictory results have been obtained in studies implementing probiotic 
treatment for NEC. In many cases, neonates treated with probiotics have shown a 
reduced incidence and severity of NEC [1, 38, 40, 42, 48–50]. Hoyos et al. [49] 
noted an almost threefold reduction in the incidence of NEC after the administration 
of probiotics Lactobacillus acidophilus and Bifidobacterium infantis. However, 
other studies have shown sepsis resulting in infants that were treated with probiotics 
[39, 51]. Understanding when the administration of probiotics can be expected to 
produce positive outcomes is important if probiotics are to be used consistently as 
an effective treatment. After this is understood, the optimal treatment strategy, in 
terms of timing and dosing, can be determined.

A Systems Biology Approach The dynamics of NEC cross multiple scales from 
gene expression and inflammatory signaling cascades to organ failure. In addition, 
numerous factors have been implicated in the pathogenesis of NEC. The complexity 
of NEC coupled with its severity and lack of effective therapy has motivated the use 
of systems biology approaches, such as computational modeling, to gain fuller 
insight into the important mechanisms that affect NEC dynamics and possible 
effective therapies for the disease.
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Mathematical modeling, an important tool for systems biologists, can be used to 
isolate the effects of particular mechanisms and treatments by including or exclud-
ing certain terms from model equations. In this way, nuances may be uncovered 
from theoretical studies that may not otherwise be observed or predicted using 
experimental or clinical studies. A symbiotic relationship between mathematical 
models and experiments should exist in which experiments help to inspire, refine, 
and correct mathematical models while insight gained from mathematical models 
helps to create, design, and direct experiments. Such a relationship maximizes prog-
ress towards the goal of effectively treating diseases.

For NEC, mathematical models have included both equation-based and agent- 
based models [52–56]. They have been used to understand the elements that con-
tribute to NEC and to predict the effects of probiotics, TLR4, TLR9, NO, and breast 
milk on the development or progression of the disease. Since the association 
between the inflammatory response and NEC is strong, many of these models are 
rooted in models previously developed to study aspects of the inflammatory response 
[57–60] and adapted accordingly for the mechanisms of NEC and the structure of 
the intestine.

 Computational Modeling Approaches

Three types of models have been used to investigate the dynamics that take place 
during NEC. The simplest approach uses a system of ordinary differential equations 
(ODEs) to simulate bacteria and immune system interactions in the intestine in the 
context of NEC. Partial differential equation (PDE) and agent-based models 
(ABMs) are two complex modeling approaches that have also been used to study 
NEC. ODE models are particularly useful for obtaining basic insight into NEC 
dynamics since the simulations are relatively straightforward and numerically inex-
pensive. PDE and agent-based models are used to answer many questions that can-
not be addressed by ODE models such as the effects of spatial variability and 
dynamics. In this section, the approaches of each model are discussed and the 
strengths and shortcomings of each type of model are compared. Often a combina-
tion of the three approaches is most beneficial for obtaining the optimal amount of 
insight into NEC.

 Ordinary Differential Equation Modeling

ODEs are used to study changes in quantities that depend on one variable [61]. In 
order to develop a mathematical model of biological phenomena, the important fac-
tors involved in the process must be identified as well as the ways in which these 
factors can be increased or decreased. Then, ODEs for each factor can be defined 
and the system of ODEs can be solved in order to predict the behavior of the system. 
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ODE models typically describe the time dependence of a particular phenomenon 
but not the spatial variability. Thus, the ODE modeling approach is appropriate 
when it is reasonable to assume that information about a system does not vary 
widely at different points in space. In that case, the domain is assumed to be well 
mixed, and the solutions describe the change in the average value of the variable in 
the region with respect to time. A spatial element can be included in an ODE model 
by using a compartmental ODE modeling approach in which the average values of 
the variables are tracked in multiple regions or compartments.

ODE Models of NEC ODE models that analyze some of the key governing 
mechanisms of NEC have been developed previously [52, 55]. Experimental and 
clinical evidence form the basis for these models, and the overall goals of the studies 
are to determine the protective potential of probiotics in infants with NEC and to 
identify the impact of TLR4 signaling on intestinal health. In both models, the 
intestinal system is divided into three compartments: the intestinal lumen (or mucus 
layer), the epithelial lining of the intestine, and the combined intestinal tissue and 
blood supply. In Fig. 13.1, the compartments are depicted as well as the main 
players or variables that are tracked in each compartment: bacteria, epithelial 
permeability, cytokines, and Toll- like receptors.

Bacteria The intestine is colonized immediately after birth by multiple bacteria 
types, including both pathogenic and commensal bacteria. The total bacteria 
population in the intestinal lumen can be grouped as a single population, or the 
bacteria can be divided into beneficial (commensal or probiotic) and harmful 
(pathogenic) bacteria, depending on the overall goal of the model. In most cases, 
bacteria are assumed to grow logistically, which indicates there is a maximum 
carrying capacity within the intestinal lumen. Competition between bacterial species 
for space and nutrient should be modeled explicitly if multiple bacterial species are 
tracked in the lumen.

Fig. 13.1 Schematic of compartments of the small intestine that are used for the ODE models of 
NEC (not to scale). The compartments are divided into the lumen or mucus layer (blue), epithelial 
cell lining (green), and intestinal tissue with blood supply (purple). Bacteria (gray ovals), entero-
cyte receptors (TLR4 and TLR9), the rate of bacterial translocation across the epithelial barrier (ε), 
and immune system components (plusses denoting proinflammatory cytokines) are depicted 
within the various compartments
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The details of bacterial transport in and out of the lumen depend on the ability of 
bacteria to breach the barrier and the number of agents released into the lumen to 
eliminate foreign bacteria. In [55], a mucus layer compartment is included to model 
the layer of mucus that lines the apical side of the epithelium and that prevents 
direct contact of luminal components with the epithelial lining [62]. The mucus 
layer serves as one of the first barriers that bacteria encounter when trying to reach 
and enter the intestinal tissue. The composition of the mucus inhibits effective or 
rapid movement of bacteria [63], and multiple antimicrobial proteins are released 
into the mucus layer to target and eliminate bacteria [64, 65]. Bacteria thus exit the 
lumen and enter the mucus layer where they may remain, be eliminated by antimi-
crobial proteins, or breach the epithelial barrier and enter the intestinal tissue. It is 
not until the bacteria enter the tissue compartment that they invoke a significant 
immune response. Although a mucus layer was not specifically included in [52], 
similar growth dynamics and exit dynamics (via translocation across the epithe-
lium) were assumed for bacteria in the lumen compartment.

Epithelial Permeability The intestine is lined with a single layer of epithelial cells 
that serve as a barrier between the outside world (lumen) and the intestinal tissue. 
A primary function of this epithelial layer is to regulate the passage of materials 
across this barrier, allowing for absorption of necessary materials while preventing 
the incorporation of harmful materials such as pathogenic bacteria.

Since preterm infants with NEC tend to have an injured epithelial cell lining due 
to immaturity or exaggerated inflammation that damages the epithelium, tracking 
the rate of translocation across this barrier is an important element in quantifying 
NEC. If the epithelium is not intact, bacteria are able to breach the barrier more eas-
ily [66], which can trigger an inflammatory response that can cause additional injury 
to the barrier. An increased rate of bacterial translocation is thus thought to contrib-
ute to the development of NEC.

It is important to note that since a large number of commensal bacteria are neces-
sary for the maintenance of homeostasis, the host can identify and allow commensal 
bacteria to remain in the intestinal lumen or mucus layer [67]. A significantly differ-
ent number or type of luminal bacteria from normal indicates the presence of a threat 
to the system, often resulting in bacterial translocation across the epithelial barrier 
into the intestinal tissue and bloodstream [68]. To interpret this phenomenon math-
ematically, Arciero et al. [52] introduced a threshold value, T, which corresponds to 
the resistance provided by the intestinal epithelium to bacterial translocation. If the 
product of bacteria and the rate of translocation is greater than the intestinal wall 
threshold, then bacteria are assumed to cross the barrier; otherwise, no bacteria are 
able to pass through the barrier. The following function is used to capture this idea: 
[ ( ) ] max ( ) ,, ,e eB kB T B kB TL PB L L PB L+ − = + −{ }+ 0 . In this function, ε is the rate 
of bacterial translocation, BL denotes pathogenic bacteria in the lumen, and BPB,L 
denotes the probiotic bacteria in the lumen. In models that distinguish between 
pathogenic and probiotic bacteria, as in [52], it is reasonable to hypothesize that 
probiotic bacteria are not as effective at breaching the barrier as pathogenic bacteria. 
To incorporate this hypothesis, a parameter k that varies between 0 and 1 is used to 
scale the contribution of probiotic bacteria to exceeding the threshold.
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Probiotic bacteria have also been shown to enhance the viability of the intestinal 
barrier [3, 8, 9, 69]. Thus, beneficial effects of probiotics in NEC can be included in 
the model as a term that reduces the rate of bacterial translocation.

Immune System Components If the mucus layer is not successful at preventing 
bacterial penetration of the epithelium [70], bacteria may enter epithelial cells or 
pass through the gaps between them. In many cases, intestinal macrophages, which 
are immune cells that phagocytose and kill microorganisms but do not release 
proinflammatory cytokines like macrophages in other tissues [71–73], eliminate the 
bacterial invaders before the bacteria are able to invoke an overly robust inflammatory 
response.

However, if the mucus layer, intestinal macrophages, and dendritic cells (another 
type of immune cell that extends protrusions into the mucus layer to sample for 
bacteria and release antimicrobial proteins to eliminate the bacteria [74]) are all 
unable to prevent bacteria from entering the blood and tissue, an inflammatory 
response ensues, which includes the activation of blood macrophages and the sys-
temic secretion of proinflammatory cytokines. Cytokines generate inflammation to 
defeat the invaders. Although the inflammatory response is necessary to destroy 
harmful bacteria, it also causes injury to the intestinal barrier and inhibits epithelial 
cell proliferation and migration, thereby propagating the epithelial injury to a large 
extent. As expected, blood cytokine levels are elevated in infants suffering from 
NEC since bacteria are able to breach the epithelial barrier and evoke an over-
whelming inflammatory response. Studying the pattern of cytokine expression may 
yield important insights into the pathophysiology of NEC [21, 28].

The models in [52, 55] do not include explicit terms for the anti-inflammatory 
response. Instead, the idea of negative feedback in those models is captured via 
parameter values and inhibitory Toll-like receptor signaling. Nevertheless, the 
immune system also produces anti-inflammatory cytokines, which work to down-
regulate the initial proinflammatory response, and the contributions of this phenom-
enon should be included in subsequent studies of NEC.

Toll-Like Receptors The activation of TLR4 on enterocytes facilitates bacterial 
translocation across the intestinal barrier [75] and triggers a robust inflammatory 
response. TLR4 activation also increases the adhesion of enterocytes to the underlying 
matrix, which in turn restricts normal cell migration and prevents the efficient 
migration of epithelial cells into damaged regions of the epithelium. It has been 
observed that TLR4 expression is significantly elevated in experimentally induced 
NEC relative to control conditions [15]. When TLR4 is blocked, bacterial translocation 
is reduced significantly [36]. These observations provide evidence that TLR4 may be 
a key player in the disease and that its promotion of inflammation and inhibition of 
cell migration should be included in a theoretical model of NEC. Methods that limit 
TLR4 activation may have important application in the treatment of NEC.

Studies have shown that TLR9 activation can limit TLR4 signaling in entero-
cytes and reduce intestinal inflammation in NEC [15, 16], unlike the role of TLR9 
activation in other contexts. This suggests that promoting TLR9 activation may be 
a strategy for treating infants suffering from NEC. It is hypothesized that probiotics 
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are a successful treatment for NEC because probiotic DNA can activate TLR9 
which in turn inhibits the activation of TLR4 [76]. The dynamics of TLR4 and 
TLR9 can be predicted by the model by including the mechanisms of interaction 
between bacteria, the immune response, and these receptors.

Main Findings: The Role of Probiotics The model in [52] provides a preliminary 
tool for exploring the effects of probiotic treatment in NEC. The action of probiotics 
is represented by three key components in the model: competition with pathogenic 
bacteria in the lumen, maturation and restoration of the epithelial lining (i.e., 
reduction of the rate of bacterial translocation), and inhibition of the inflammatory 
response. The model is used to assess the impact of each of these factors by 
predicting the overall behavior of the system as the relative strengths of these three 
mechanisms are varied. To simulate infections of variable severity, the initial amount 
of pathogenic bacteria in the lumen or the growth rate of the pathogenic bacteria in 
the lumen is increased. A healthy outcome is predicted if bacteria are absent from 
the blood and the rate of bacterial translocation across the epithelium is at a baseline 
(normal) value. Aseptic death is predicted when the rate of translocation is elevated 
even though no bacteria enters the blood, indicative of a highly inflamed system. In 
septic death, both the translocation rate of the epithelium is elevated and bacteria are 
present in the blood/tissue compartment.

Bistability is predicted to occur between health and septic death states over a 
range of pathogenic growth rates wherein bacteria can reach one of two steady 
states depending on the initial number of bacteria in the system. This possibility for 
bistability results from the threshold that governs passage across the epithelial bar-
rier. The barrier prevents activation of the inflammatory response when the number 
of luminal bacteria is below a threshold [21]; a transient increase in the number of 
pathogenic bacteria in the lumen, however, can lead to bacterial translocation and 
increased inflammation, resulting in a disease state. Interestingly, since the presence 
of probiotics in the lumen contributes to the total amount of bacteria in the lumen, 
probiotics may contribute to these transient elevations in the total luminal amount of 
bacteria and thereby have a paradoxically negative impact by lowering the level of 
pathogenic bacteria needed to induce disease.

Clinical studies have shown contradictory results when probiotics were admin-
istered to preterm babies [38–40, 49, 51, 77, 78] as treatment for NEC. In a meta- 
analysis of 20 randomized, controlled trials, preterm infants treated with a 
probiotic supplement had a significantly decreased risk of NEC and death [78]. 
Yet, in other cases, there was no reduction in the risk of NEC with probiotic treat-
ment [77]. The model predictions also show contradictory results. For example, in 
most instances, the model predicts that the introduction of probiotics improves 
health (i.e., the inclusion of probiotics increases the regions in parameter space 
where health outcomes are predicted); however, there exist some cases in which 
health would have been predicted in the absence of probiotics, but disease is pre-
dicted in the presence of probiotics. An example of such a case is highlighted in 
Fig. 13.2. The figure depicts health and disease predictions in the presence or 
absence of probiotics as the pathogen growth rate and initial level of pathogen in 
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the lumen is varied. In the parameter region, points (corresponding to a pair of 
parameter values) located below or to the left of the solid lines yield predicted 
healthy states, and points located above or to the right of the solid lines yield dis-
ease (septic death) states. The point labeled “A” in the figure gives an example of 
a case that is healthy without probiotics (i.e., to the left of the black curve) but is 
predicted to result in septic death following probiotic treatment (i.e., to the right 
of the red curve). Additional work is needed to determine how these model predic-
tions correspond with the clinical observations.

Since the effectiveness of probiotic treatment on the incidence and severity of 
NEC may also depend on other factors [79], including feeding type [80], delivery 
type [73], or other existing health disorders of the infant, certain model parameters 
should be adjusted to test the impact of these factors in future studies. Moreover, it 
has been suggested that some of the positive clinical results associated with NEC be 
reconfirmed in order to verify that the original results were not affected by inade-
quate sample size, lack of adequate quality control of the products, differences in 
outcomes with different probiotic strains and lack of uniformity, questionable bio-
statistical methodology, or the potential for adverse events [81].

Main Findings: The Role of TLR4 and TLR9 The model in [55] extends the probiotic 
model developed in [52] to study the effects of enterocyte TLR4 and TLR9 in NEC. 
The effects of TLRs are investigated by performing simulations where no TLRs are 
active and comparing those results to simulations in which only TLR4 is active and 
in which both TLR4 and TLR9 are active. Performing these three sets of simulations 
allowed the contributions of each receptor to be isolated. The model predicts a 

Fig. 13.2 Effect of the initial number of pathogenic bacteria on predictions of health and disease 
is shown as the pathogen growth rate is varied. Black curve: separates regions of health and disease 
in the absence of probiotics. Red curve: separates regions of health and disease in the presence of 
probiotics. Point A highlights a combination of parameters for which health is predicted without 
probiotics, but disease is predicted when probiotics are included
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sensitive interplay among mucus layer dynamics, the severity of infection, and the 
degree of TLR4 activation. Most model results indicated relative promotion of 
health and disease that were expected from the combined TLR effects. However, the 
model also uncovered parameter regimes exhibiting unexpected outcomes, such as 
the direct promotion of health by TLR4 alone in some circumstances.

Including TLR9 often not only promoted health in place of disease but also con-
verted healthy states to disease states, depending on the balance of other system 
effects. For example, there are parameter values that define the strength of TLR4 
activation for which the presence of TLR4 alone can expand the health region and 
the inclusion of TLR9 further expands the predicted region of health. However, for 
other values of these parameters, the inclusion of TLR9 changes otherwise healthy 
outcomes with TLR4 alone into outcomes involving aseptic death despite the inhib-
itory effects of TLR9 on TLR4. Figure 13.3 provides an example of this unexpected 
situation of TLR9 causing harm in the system. The rate of bacterial translocation 
(panel a) is at baseline and the product of the translocation rate and bacteria in the 
mucus layer (panel b) is below threshold for TLR4 alone, corresponding to a health 
state prediction (red curves). Yet, when TLR9 is included, the translocation rate is 
elevated above baseline and the threshold value is exceeded, corresponding to a 
prediction of septic death (black curves). Arciero et al. [55] hypothesized that this 
sensitivity to parameter values is evidence that final maturation in the womb likely 
brings out a balance of parameters that yields a healthy outcome and that preterm 
babies may be unhealthy if this balance of parameters has not been established.

Fig. 13.3 (a) Comparison of the time dynamics for the rate of bacterial translocation (ε) for the 
model case with TLR4 only (red) and the model case with both TLR4 and TLR9 present (black). 
ε = 0.1 corresponds to the baseline (normal) rate of translocation. In the absence of TLR9, ε is at the 
baseline level. In the presence of TLR9, ε is elevated, corresponding to an inflamed state. (b) 
Comparison of the time dynamics for the product of the rate of bacterial translocation and bacteria 
in the mucus layer (BM) for the two model cases described in (a). The dotted line corresponds to the 
threshold value of the intestinal wall. If the product εBM is greater than the threshold, bacteria enter 
the tissue. If the product is less than threshold, no bacteria enter the tissue. In the case depicted here, 
bacteria enter the tissue in the presence of TLR9 but do not cross the barrier in the absence of TLR9
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 Partial Differential Equation Modeling

The previous ODE model included, to some extent, the effects of the spatial struc-
ture of the intestine by utilizing separate compartments for different regions of the 
intestine. While such compartmentalization could be further refined to better model 
the effects of spatial structure of the intestine using ODEs, another approach is to 
transition from ODE models to PDE models. While the computational time for PDE 
model simulations is longer than for ODE model simulations, PDE models allow 
more complete tracking of spatial dynamics than compartmental ODE models. In 
addition, theory and methods for the numerical and analytical solutions of PDE 
models are more developed than for ABM models (see section “Agent-Based 
Modeling”). Nonetheless, PDE models inherently assume that model players can be 
modeled by differentiable functions, an assumption not shared by ABM models and 
an assumption that can break down at smaller length scales.

PDE Model of NEC Barber et al. [56] presented the first PDE model of NEC. This 
model expands on the four variable ODE model of Reynolds et al. [57] by adding 
variables specific to NEC and including the spatial structure specific to the intestine. 
These additions introduce complexity into the system, and thus a few approximations 
and simplifications were made. In particular, the spatial structure of the intestine and 
the corresponding domain on which the PDEs were solved (Fig. 13.4) were simplified 

Fig. 13.4 (a) General intestinal structure with regions represented in the PDE model labeled. 
From inside to outside there is the lumen, the usual home of the bacteria (blue), the villous region 
lined with epithelial cells (epithelium) that prevents bacteria from leaving the lumen (epithelial 
region in the model, orange), the muscle and tissue that help with intestinal function and structure 
(tissue region in the model, yellow), and the incoming blood vessels (blood region in the model, 
red). (b) To arrive at the corresponding computational model, a short section of the intestine is 
sliced longitudinally and laid out flat as seen in (c). (c) The corresponding computational domain 
with, from top to bottom, a lumen, epithelial, tissue, and blood region. The computational domain 
is shown to scale with unit being in centimeters
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and multiple key players in the immune response were lumped into single variables. 
For example, the multiple proteins identified as proinflammatory cytokines were 
lumped into one variable, cp (proinflammatory cytokines). It is important to note 
that, because of these simplifications, the model has inherent limitations in terms of 
its accuracy, predictive capabilities, and scope of applicability.

Intestinal Physiology A depiction of the intestine and the corresponding 
computational model is provided in Fig. 13.4. This PDE model extends the three-
compartment ODE models in [52, 55] to include intestinal dynamics in four regions. 
Bacteria are located in the intestinal lumen (blue) and are considered the primary 
source of external pathogens. The epithelial cell region (orange) regulates the 
translocation of pathogenic bacteria from the lumen into the intestinal tissue. The 
tissue region (yellow) consists of intestinal cells that can be damaged and destroyed 
by both bacteria and an excessive inflammatory response. The blood region (red) 
reflects the blood supply to the intestine and acts as a source of neutrophils. As the 
figure suggests, the regions have been converted into rectilinear regions and 
homogenized so that spatial structures, such as the undulating villi and blood 
vessels, do not explicitly appear in the model. Absorption of nutrients in the epithelial 
region and clotting of blood near damaged vessels are not included in this version 
of the model. Throughout the rest of the chapter, the phrase “vertical direction” will 
correspond to the z-direction in Fig. 13.4c and is the primary direction of bacterial 
movement from the lumen into the tissue.

Model Variables The model includes 11 key players in the intestinal inflammatory 
process:

•	 b: bacteria, which are pathogens that trigger the immune response
•	 m, ma: resting and activated macrophages, which are immune cells that initiate 

the immune response once they are activated by a pathogen
•	 n, na: resting and activated neutrophils, which are immune cells that are recruited/

activated by macrophages and assist in the immune response
•	 cp, ca: pro- and anti-inflammatory cytokines, which are proteins that enhance 

(pro-inflammatory) or inhibit (anti-inflammatory) the immune response
•	 d: Damage associated molecular pattern molecules (DAMPs), which are mole-

cules that track tissue damage and upregulate the immune response
•	 ec: epithelial cell integrity, which is a measure of health of the epithelial layer
•	 ZO1: zonula occludens-1, which are tight gap junction proteins connecting epi-

thelial cells that help to limit bacterial translocation into intestinal tissue
•	 NO: nitric oxide, which is a molecule that destroys ZO1, thereby promoting 

bacterial translocation

The last three players, while not unique to the intestine, are particularly impor-
tant in NEC because of the importance of the epithelial barrier in containing the 
large number of bacteria in the intestine. The model simulates the dynamics of all 
variables in all four regions except ec and ZO1, which only need to be tracked in the 
epithelial region.
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Units All units except bacterial units (106 bacteria/cm3) are nonspecific units of the 
form x-units/cm3 (e.g., cp-units/cm3). While using specific units allows model results 
to be readily compared with experimental data, it is reasonable to use nonspecific 
units when the goals of the model are qualitative in nature or if there is not sufficient 
experimental data available. The choice of nonspecific units is also appropriate 
when several model players have been lumped into one variable. For example, in the 
NEC PDE model, multiple types of proinflammatory cytokines have been lumped 
into one variable, cp. It would be difficult to assign specific units to the variable 
since different types of proinflammatory cytokines have varying molecular weights 
and degrees of effectiveness. Instead, nonspecific units of cp-units/cm3 are used and 
are best interpreted as corresponding to the average proinflammatory cytokine 
effectiveness per cm3.

Model Equations There are ten PDEs and one constraint (the number of resting 
neutrophils is approximately constant) that govern the dynamics of the 11 key 
players in the model. Four of the ten PDEs are described here. Details of the  
other six PDEs are similar and given in [56]. The values of all parameters are  
also given in [56].

The PDE governing bacteria is:
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(13.1)

The terms on the right hand side correspond, in order, to diffusion (i.e., random 
wandering of bacteria through space), logistic growth of bacteria, bacteria being 
killed by activated macrophages and neutrophils, and bacteria being killed by 
immune response players other than macrophages and neutrophils (e.g., antibod-
ies). R(ca) is a special “retardation factor” given by
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This term represents the inhibitory effect of the anti-inflammatory cytokines on 
the immune response. In Eq. (13.1), R(ca) reduces the rate at which activated 
macrophages and neutrophils kill bacteria in the presence of high levels of anti- 
inflammatory cytokines.

The PDE governing macrophages is:
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(13.3)

The first term on the right hand side contains three parts: the diffusion of macro-
phages, taxis of macrophages towards regions of higher proinflammatory cytokine 
concentrations (i.e., macrophages move to areas of trouble), and taxis of macrophages 
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towards regions of higher bacterial concentrations. Reasonable reviews of chemo-
taxis and PDE models used to represent chemotaxis can be found in [82–84]. The 
second term of Eq. (13.3) corresponds to eventual natural death of activated mac-
rophages. The third term corresponds to recruitment of activated macrophages 
from the available pool of resting macrophages by bacteria, proinflammatory cyto-
kines, and DAMPs. The rate at which activated macrophages are recruited is 
reduced in the presence of high levels of anti-inflammatory cytokines. Activated 
neutrophils are governed by a similar PDE except that they are not activated directly 
by bacteria. Resting macrophages are also defined by a similar PDE except they do 
not diffuse or undergo taxis.

The PDE governing proinflammatory cytokines is:

¶

¶
= Ñ × Ñ - + +

-

c

t
D c k c R c k m k n

R c k c

c c c m c n a

nc

p
p p a a

a p
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(13.4)

The terms on the right hand side include the diffusion of proinflammatory cyto-
kines, the natural decay or degradation of proinflammatory cytokines, the produc-
tion of proinflammatory cytokines by activated immune cells, and the uptake of 
proinflammatory cytokines by resting immune cells. The equations for anti- 
inflammatory cytokines, damage, and nitric oxide take on similar forms.

All model PDEs are reaction–diffusion equations that include typical terms for 
interaction, recruitment, production, and decay. While most terms are straightfor-
ward, some of  the more complex terms have been included in order to model rele-
vant  mechanisms for the biological system (e.g., taxis and retardation factor) to 
obtain physiologically realistic steady-state behavior. For instance, the fourth term in  
Eq. (13.1) was chosen so that the model can yield both a stable unhealthy and a stable 
healthy steady state, which corresponds physiologically to the fact that some patients 
die while others successfully recover.

While the other equations employ linear diffusion operators, the following PDE 
for epithelial integrity (ec) includes nonlinear diffusion to incorporate the complex 
barrier function of the epithelial layer:
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(13.5)

The first nonlinear diffusion term corresponds to changes in epithelial integrity 
resulting from the migration of healthy epithelial cells from regions of high epithe-
lial integrity to low epithelial integrity. The second logistic growth term corresponds 
to increases in epithelial integrity resulting from the innate ability of epithelial cells 
in the epithelial layer to recover when in normal surroundings (i.e., adequate nutri-
tion and no intruders). The third term corresponds to decreases in epithelial integrity 
due to death or injury of epithelial cells caused by activated neutrophils, proinflam-
matory cytokines, and bacteria. The destruction rate of epithelial cell integrity is 
given by ka(na,cp,b), which is an increasing function of activated neutrophils, proin-
flammatory cytokines, and bacteria.
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The two functions appearing in the nonlinear diffusion term are given by:
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The product of these two functions corresponds to the effective diffusion rate of 
epithelial cell integrity or, alternatively, the migration rate of epithelial cells from 
regions of low epithelial cell integrity to high epithelial cell integrity. The choice for 
β(ec) employs the assumption that epithelial cells in regions of low epithelial cell 
integrity remain in their current location, while epithelial cells in regions of high 
epithelial cell integrity will readily migrate to assist in restoring epithelial cell integ-
rity in other regions. The function for α(b) is chosen so that migration is inhibited in 
the presence of bacteria [85].

Epithelial Barrier The epithelial layer limits translocation of bacteria from the 
lumen into the surrounding tissue, corresponding to zero permeability of the 
epithelial region to bacteria. When the epithelial layer loses integrity, however, 
bacteria can more freely translocate. This alters the diffusion into and out of the 
epithelial region and is modeled by redefining the vertical diffusion coefficient for 
the variables as follows:

 
D D D Dz z z z
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max
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(13.7)

Equation (13.7) is adopted so that ZO1, the concentration of tight junction protein 
in the epithelial region, determines the effective vertical diffusion rate in the epithe-
lial region. When the tight junction protein concentration is at its maximal amount, 
the baseline diffusion rate is used in the model. For bacteria and the immune cells, 
the baseline diffusion rate is zero. For variables corresponding to smaller sized 
objects (cytokines and nitric oxide), the baseline diffusion rate is one-tenth of 
the maximal diffusion rate. When the tight junction protein concentration is zero, 
the maximal diffusion rate is used. In this way, ZO1 also serves as a measure of the 
epithelial layer permeability (see [56]).

Numerics The PDEs are solved using standard centered finite differences with the 
exceptions of the taxis and nonlinear diffusion of ec, which use upwinding. Different 
diffusion constants are used in each region to more closely model reality, and thus 
the linear diffusion rates are discontinuous functions in the vertical direction. 
Harmonic averaging of the vertical diffusion constants at the boundaries between 
the regions has been performed in order to more appropriately and accurately treat 
these discontinuities (see [86]).

Model Initial Conditions and Scenarios The model considers NEC dynamics after 
an initial injury has formed. This corresponds to an initial condition for the PDE in 
which the epithelial integrity is less than 1 or 100% within the epithelial layer. For 
simplicity, it is assumed that at the start of a given simulation the system is 
completely healthy with the exception of lowered epithelial integrity and ZO1 

J. Arciero et al.

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567



247

values inside an injured area within the epithelial region. Typically, unless otherwise 
stated, we use a circular cylindrical injured area so that

 
e x y z t e e H x y rc c c( , , , ) ( ) ( ), ,= = + − + >0 10 0

2 2
0  

(13.8)

where ec,0 is the initial epithelial integrity in the injured area, r0 is the initial radius 
of the injured area, and H is the Heaviside function. ZO1 is similarly initialized:

 ZO ZO ZO1 0 1 1 10 0
2 2

0( , , , ) ( ) ( )x y z t H x y r= = + − + >  (13.9)

where ZO10 is always chosen to be equal to ec,0.
To test the effects of breastfeeding in NEC, the model was adjusted so that the vari-

able ca corresponds to only exogenously derived anti-inflammatory cytokines, in par-
ticular, anti-inflammatory cytokines coming from the mother’s breast milk [87, 88]. In 
addition, breast milk contains antimicrobial peptides that are capable of killing mul-
tiple pathogenic organisms and modulating the immune system [87, 88]. To include 
these antimicrobial effects, an additional death term of the form −kampb is included in 
the PDE for bacteria [Eq. (13.1)]. Individuals not fed by breast milk (henceforth 
called “formula fed” individuals) are assumed to have no additional antimicrobial 
peptides or corresponding additional bacterial death term and no exogenously derived 
anti-inflammatory cytokines (i.e., ca = 0 and has no corresponding PDE).

Results The model is first used to depict a typical scenario for formula-fed infants. 
It is then used to investigate the effects of breast feeding and the severity and extent 
of the epithelial injury. Finally, the model is used to consider how the shape of an 
injured region may affect the outcome of a patient.

Formula-Fed Simulation Figure 13.5 shows typical temporal dynamics for the 
model by plotting the average values of the variables in each region for a given 
formula-fed simulation with an initial epithelial integrity of 0 in a circular injured 
area that occupies 20% of the epithelial region (see Fig. 13.6). The absence of 
epithelial integrity and gap junction proteins in this area allows bacteria to invade the 
epithelial and tissue regions. The invasion, however, is relatively short lived as the 
immune response quickly responds and kills off most bacteria. Unfortunately, in this 
simulation, the immune response is overactive and causes damage or DAMPS to 
form in the tissue, which further activates the immune response resulting in a positive 
feedback loop that ends with an elevated damaging immune response in both regions.

While the PDE model yields a lot of spatial information, the information pre-
sented here is limited to the dynamics of the epithelial integrity, since epithelial 
integrity is a good indicator of the general health of the infected intestinal region. 
The epithelial integrity at the z-value halfway through the epithelial region is plotted 
as a surface in Fig. 13.6. The figure shows the initial condition for epithelial integ-
rity at t = 0 h as well as the spatial dynamics of epithelial integrity as time pro-
gresses. The plot shows epithelial integrity diffusing into the injured area, which 
corresponds to healthy epithelial cells migrating into the injured area. As such, the 
epithelial integrity inside the initial injured area improves with time. As epithelial 
cells move into that region, however, they also move away from the initially unin-
jured area. This causes the epithelial integrity outside the initial injured area to 
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decrease as time progresses. The end result can be seen at the last time where epi-
thelial cell integrity is approximately 80%. While the original injured area is health-
ier than when it was initially, it still has not fully recovered. In addition, the area 
around it has fallen from 100% epithelial integrity to 80% epithelial integrity. The 
reason for this failure in recovery despite lower bacterial levels (see Fig. 13.5) is 
because the overactive immune response is generating damage at a rate that does 
not allow the epithelial integrity to fully recover.

Fig. 13.5 Temporal dynamics of the system as measured by the average values of the variables in 
each layer. The plots show an initial bacterial invasion that is easily eliminated by an immune 
response that continues to grow well after the bacteria are gone because of the collateral damage 
being produced by too many activated immune cells
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Effects of Breastfeeding Figure 13.7 shows a simulation corresponding to a breast-
fed individual where exogenously derived anti-inflammatory cytokines and 
antimicrobial peptides have been included. The same injured area size (20%) and 
initial epithelial integrity (0%) have been used in this simulation. In contrast to the 
previous simulation, the injured area recovers quickly to 100% epithelial integrity. 
Thus, the model confirms the benefits of breast milk and suggests its importance in 
cases of overactive immune responses, as in NEC.

Effect of Injury Size and Severity The PDE model was used to explore circular 
injured areas for all possible values of epithelial integrity levels (0–100%) and all 
possible values of initial injury sizes (0–78.5%; note that 78.5% corresponds to the 
largest circular injury that will fit within the computational domain). For each pair 
of initial epithelial integrity and initial injury sizes, the final average epithelial 
integrity level after 600 h was plotted in Fig. 13.8. Values closer to 0 or 0% 
correspond to failed recoveries, while values closer to 1 or 100% correspond to 
successful recoveries. The majority of the cases correspond to successful recoveries 
near 1, while a small minority of the cases correspond to failed recoveries. This is 
consistent with what is seen clinically where a majority of neonatal intestinal 
injuries resolve themselves.

Effect of the Shape of the Injured Area One interesting question that can be asked 
of a PDE model that cannot be easily ascertained from an ODE model is: What are 
the effects of the general shape of an injured area on the ability for the system to 

Fig. 13.6 Spatiotemporal dynamics of the system as measured by the epithelial cell integrity 
midway through (with respect to the z-direction) the epithelial region. The plots show the initial 
injured area is improved while the area outside the initial injured area is reduced from its initial 
100% integrity. The end result is suboptimal with an intestinal region whose epithelial integrity 
lies below 100% at approximately 80%. This corresponds to an unhealthy outcome

Fig. 13.7 Spatiotemporal dynamics of the system when exogenous anti-inflammatory cytokines 
and antimicrobial peptides are introduced. The initial injured area steadily increases back to 100% 
epithelial integrity, while the areas outside of the initial injured area stay at 100% epithelial integ-
rity corresponding to a healthy outcome
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recover? To investigate this question, three different initial shapes were considered: 
a circular shape (Fig. 13.9a), an irregular shape (Fig. 13.9b), and four small circular 
shapes (Fig. 13.9c). All initial shapes occupied 20% of the epithelial region. When 
using 0% initial epithelial integrity, all shapes gave unhealthy results with 
quantitative results differing minimally between the simulations. This motivated an 
investigation of whether or not there were certain initial epithelial integrity levels 
for which the shapes gave different results. For an initial epithelial integrity level of 

Fig. 13.8 Dependence of 
injury resolution outcome as 
measured by the final average 
epithelial integrity in the 
epithelial region on the initial 
severity (initial epithelial 
integrity in the injured area) 
and initial fractional size of 
the injured area. The model 
predicts most injuries 
naturally resolve themselves. 
It also suggests a strong 
dependence on the injury 
severity and a weak 
dependence on the injury size

Fig. 13.9 Spatiotemporal dynamics of the system for three different initial shapes of the injured 
area. For the circular shape in (a), the wound does not resolve itself as too much damage accumu-
lates in the tissue (see text). For the shapes in (b) and (c), however, the injuries do resolve them-
selves. This shows the outcome of a given simulation can depend on the shape of an injured area
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12.7%, the circular shape did not fully heal while the other two shapes did fully heal 
(see Fig. 13.9). While there are other initial epithelial integrity levels for which 
shapes can cause qualitative differences in the eventual outcome of a simulation, 
those cases are relatively few (<1% of all epithelial integrity levels).

One important note is that in Fig. 13.9a, the injured area seems to heal and then 
become reinjured. This occurs because damage (in the form of DAMPs) is slowly 
increasing in the epithelial region due to an overactive immune system. In the 
model, if damage remains below a certain critical level, the system is able to recover 
without the immune response becoming overactive. This is the case for the simula-
tions corresponding to Fig. 13.9b, c. If, however, DAMPs go above that critical 
level, as it does in Fig. 13.9a, then the high levels of DAMPs activate immune cells 
fast enough so that the rising numbers of immune cells produce DAMPs at a faster 
rate than they can decay. DAMPs often accumulate slowly in the tissue, however. 
This is the case in Fig. 13.9a. Before DAMPs have accumulated to excessive levels, 
the injured area has time to resolve itself. After that point, however, the DAMPs in 
the tissue finally accumulate to excessive levels and cause injury. To make sure 
this did not happen in Fig. 13.9b, c, the simulations were run until t = 2,400 h with 
all variables, including damage/DAMPs, returning to their healthy levels in all 
intestinal regions.

Summary of Findings The PDE model is able to produce physiologically realistic 
results that are consistent with the general effects of breast milk and the observation 
that most neonatal intestinal injuries resolve themselves. In addition, the model is 
able to show that spatial details (e.g., injured area shape) can alter the outcome of an 
injury resolution and that a PDE modeling approach can be used to investigate the 
effects of those spatial details.

Limitations and Extensions While the model has been developed with NEC 
specifically in mind, the model is still somewhat limited in its scope. It assumes the 
existence of an initial injured area when the simulation begins and does not consider 
how that initial injured area may have originally developed. In addition, the 
simulations can only be considered to be physiologically accurate for a limited 
amount of time since the model does not include effects of later stages of NEC such 
as the effects of microvessel breakage, blood clotting, and necrotic tissue. Adding in 
some of these effects to the PDE model would help extend the scope of the model.

The model has not yet been ideally calibrated as it is still only in its initial stages. 
Calibration includes finding not only one optimal set of parameters but also finding a 
distribution of parameters that can produce the range of physiological behaviors seen 
in patients. In fact, there are certain sets of parameters for which simulations can 
evolve into patterned or chaotic movement [89]. Structured parameter estimation 
techniques such as Markov chain Monte Carlo and Kalman filtering methods can be 
used to help quickly and thoroughly explore the parameter space for this model, 
which has over 50 parameters, many of which do not have well- determined values. 
In addition, those parameter estimation techniques can also be used to explore the 
possible physiologically realistic behaviors that the model can produce.
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Other aspects of breast milk besides anti-inflammatory cytokines and antimicro-
bial peptides can be included in this model. Also, the simplified geometry of the 
model can be replaced with a more accurate geometry including the shape of the 
villi in the intestine as well as the microvasculature. Only ten variables have been 
used. Likely candidates for variables that can be added to the model in order to 
improve results include TLR4 and probiotics (see the previous section) as well as 
other immune response members like dendritic cells. It is important to mention that 
while all of these suggestions would help to improve the model, some will help 
more than others and it is important to choose adjustments wisely if one is to avoid 
producing a needlessly complicated model whose results are difficult to interpret. 
Nonetheless, by carefully calibrating and developing this model, the model can 
eventually be used to make useful predictions and treatment suggestions.

 Agent-Based Modeling

Agent-based modeling is an object-oriented, rule-based, discrete-event computa-
tional modeling technique that employs a modular, scalable architecture to simulate 
biological systems [90–92]. Agent-based models (ABMs) are composed of virtual 
environments populated with objects (agents) that execute behaviors based on pro-
grammed rules that govern interactions with the local environment and other agents. 
Agent-based modeling has been used to dynamically represent complex biological 
processes such as inflammation [93–99], cancer [100–103], infectious diseases 
[104–108], and wound healing [109, 110].

In many biomedical applications of agent-based modeling, agents are used to 
represent individual cells within a system, with multiple classes of agents (cell 
types) sharing rules extrapolated from mechanistic knowledge obtained from in 
vitro experiments. The cell-as-agent is an intuitive level of resolution for biomedical 
agent-based modeling, since much basic research describes mechanistic processes 
that define cellular behavior such as signal transduction, gene regulation, protein 
synthesis, and compound secretion. ABM provides a useful platform for modeling 
the various cellular agents and molecular pathways involved in NEC and to view 
these complex interactions in real time to aid in hypothesis generation and 
evaluation.

ABM of NEC An et al. presented the first ABM of NEC in 2011 [54] using Netlogo, 
an agent- based modeling platform based on Java. The ABM was created to evaluate 
a minimally sufficient unifying hypothesis incorporating the following observations 
noted in the majority of cases of NEC:

 – NEC occurs predominantly in premature infants
 – Enteral feeding precedes the development of NEC in nearly all cases
 – Microbes (bacterial or viral) are associated with NEC

The ABM incorporated the following cell types of the premature gut: neonatal 
gut epithelial cells (NGECs), goblet cells (GCs), submucosal cells (SCs), 
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differentiating NGECs (DECs), and bacteria (Fig. 13.10), each with different 
molecular pathways modeling cell metabolism, inflammation, tight junction forma-
tion, and cell death by apoptosis or necrosis. The ABM was created to test the 
hypothesis that prematurity impairs the NGEC’s ability to manage its redox state, 
resulting in inflammation with the initiation of enteral feeding. Adding virulent bac-
teria further enhances this propensity towards inflammation, resulting in a cascad-
ing system failure that causes widespread necrosis of the entire NGEC population.

The agent rules representing molecular processes, such as receptor activation, 
signal transduction, metabolism, and transcription factor effects, were expressed 
using a detailed, qualitative approach [111, 112]. This approach consists of rela-
tively detailed component representation (i.e., enzymes, molecular species, and 
genes) with qualitative representation of biochemical kinetics using a logic-based, 
algebraic rule construction. As a result, molecular interaction rules are expressed as 
conditional statements of the form:

if Ligand A is present, then bind to and activate Receptor B
if Receptor B is activated, then increase Signal Transduction Enzyme C by 1
And so on…

Fig. 13.10 Schematic of ABM depicting cellular agents and molecular pathways incorporated into 
model. Modeled neonatal gut epithelial cell (NGEC) pathways include cellular metabolism (yellow), 
ROS generation (red) and clearance (green), apoptosis (orange), inflammation (blue), necrosis 
(black), and tight junction metabolism (gray). Differentiating NGECs eventually become fully func-
tional epithelial cells, and submucosal cells represent additional bowel wall layers. Oxygen is 
secreted and diffused by arteries for use by all agents in cell metabolism. Bacterial agents are able to 
interact with NGECs by direct contact (LPS to TLR-4) or induce cell death by a cytotoxic exotoxin
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The exception to this type of rule construction in the NEC ABM is the use of Hill 
Functions to represent feedback control loops for metabolic stress homeostasis.

Modeling Oxidative Stress Management For each NGEC, a series of Hill equations 
were used to model the relationships between nutrients, cellular consumption, 
reactive oxygen species (ROS) generation, and ROS clearance (Fig. 13.11). Hill 
equations are often used to mathematically model the dose–response relationship 
between a receptor and ligand, producing a sigmoid or “S-shaped” curve. Hill 
equations were used in the NGECs to [1] approximate the kinetics of the cell’s 
graduated generation of ROS secondary to metabolism and [2] represent the 
response of the cell’s intrinsic oxidative stress-clearance machinery to clear the 
produced ROS. Each NGEC was randomly assigned a stress-clearance- capability 
(SCC) value prior to the start of each experiment based on a normal distribution, 
which represents its enzymatic capability to clear all forms of oxidative stress.

Consequences of Excess ROS Decreased ability of an NGEC to clear the ROS 
resulted in excess ROS, which would ultimately lead to several different inflammatory 
states:

 1. Low stress, where metabolism and consumption are governed by the baseline 
Hill equations, and in this state the NGEC levels of p53 will decrease over time.

 2. Mid-range stress, where p53 is produced and, as it rises, shifts the metabolism- 
governing Hill function to reduce consumption (i.e., produce senescence). This 
allows metabolism-derived oxygen species to decrease until the stress level 
drops into the Low Stress range, at which point p53 will then decrease.

 3. High stress reached when levels of p53 continue to be produced until they cross 
a set threshold and will lead to the generation of variables for cytochrome-c and 
caspase proteins that subsequently activate apoptotic mechanisms. This level of 
stress also activates inflammatory pathways.
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Fig. 13.11 Flow diagram (left) depicting a series of Hill equations (right) that model nutrient 
metabolism and ROS generation and clearance. Hill equations were chosen to demonstrate a grad-
uated molecular response (depicted by elliptical curve in bottom right). Reprinted with permission 
from Mary-Anne Liebert, Inc. [54]
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High levels of stress trigger the production of NF-kB, which leads to the secre-
tion of tumor necrosis factor alpha (TNF-α) [113] and nitric oxide (NO) [114, 115]. 
Secreted TNF-α activates production of NF-kB by other NGECs, in addition to 
directly activating the RIP-kinase pathway, which ultimately leads to necrotic cell 
death [116]. Secreted NO disrupts tight junction formation [20, 21], which NGECs 
use to block interactions with bacterial agents and is also a source of exogenous 
ROS that affects the total stress level of an NGEC.

Other Gut Cells Other cell types were incorporated in the neonatal gut model 
(summarized in Table 13.1). Blood vessels were modeled to secrete a variable for 
oxygen, which all cellular agents utilized to perform aerobic or anaerobic metabolism. 
Goblet cells incorporate the same molecular pathways as NGECs, with the added 
ability to secrete a variable for mucus [117, 118]. The presence of mucus on the 
surface of NGEC prevents their interaction with bacterial agents. Differentiating 
epithelial cells (DECs) are created once an NGEC has undergone apoptosis. The DEC 
has limited metabolic activity until it becomes an NGEC after a set period of time 
[119]. Submucosal cells (SCs) represent additional cell layers beyond the NGEC. 
They undergo necrosis based upon ischemia, which propagates via microvascular 
 thrombosis of blood vessels originating from the NGEC cell layer [120].

Table 13.1 Table depicting agent types and functions

Agent Description Functions

NGECs Able to perform basic 
metabolic functions,  
secrete inflammatory 
mediators, and regulate  
cell death pathways

Cellular respiration: nutrient consumption, 
which leads to generation of ROS (via 
aerobic or anaerobic metabolism depending 
on oxygen content)

ROS clearance: process to decrease total ROS 
within each agent

Tight junction formation: prevents interaction of 
bacteria with NGECs

Apoptosis: programmed cell death, with no 
spillover of cell contents

Inflammation: activation leads to production of 
mediators (TNF-α and NO)

Necrosis: cell death by excessive inflammatory 
signaling (via TNF-α or DAMPs) or reduced 
oxygen content

Goblet cell Agents with ability to  
create protective mucus 
barrier for NGECs

Same cellular and metabolic processes as NGECs
Secretion of mucus, which prevents interaction 

between NGECs and bacteria
Bacteria Agents with ability to  

activate NGEC  
inflammatory pathways

Generation of PAMPs, which cause activation of 
NF-kB in NGECs via TLR-4

Interaction with NGECs inhibited by tight 
junctions and mucus

Differentiating 
epithelial cells

Precursor agents  
to NGECs

Differentiates into NGEC after set period of time
Undergo necrosis with reduced oxygen content

Submucosal 
epithelial cells

Agents representing  
additional gut layers

Undergo necrosis with reduced oxygen content

Blood vessels Agents that secrete oxygen Provides oxygen to other agents
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Bacterial Agents Bacterial agents were modeled with several different functions to 
interact with NGECs. In the absence of tight junctions and low levels of mucus, 
bacterial agents are able to attach and secrete a variable for LPS, which activates the 
inflammatory signaling of NGECs through TLR4 [15, 47, 121]. Bacteria retained 
this interaction at baseline and were given additional “virulent” characteristics such 
as the ability to secrete a mucinase or cytotoxic exotoxin that is able to induce 
necrotic cell death.

Experimental Method In an ABM, each agent function is defined in a particular 
section of the model code. One complete iteration of the ABM’s code is defined as 
a “run,” and an experiment is performed by repeating each “run” in succession until 
the experimental time frame or a particular outcome is reached. The outcomes 
measured in the NEC ABM were “necrosis” or “survival” depending on the 
percentage of NGEC undergoing necrosis.

Minimum and maximum SCC (SCCmin and SCCmax, respectively) values were 
defined for the entire population of NGECs at the beginning of each experiment. 
SCCmin and SCCmax values were altered for each experiment. Populations “suscep-
tible” to necrosis were identified at lower SCCmax values, while “surviving” popula-
tions (that is, resistant to necrosis) were identified at higher SCCmax values. 
Parameter sweeps of the SCCmax were performed by increasing its value in small 
increments to determine the point at which a population became significantly sus-
ceptible to necrosis. Bacterial agents were then added with varying degrees of viru-
lence factors to determine their effect upon susceptibility of the NGEC population 
to necrosis.

Results The addition of “control” bacteria, which were only able to interact with 
NGECs through secretion of LPS (but no other virulence factors), demonstrated an 
increase in necrosis outcomes, but a similar SCCmax threshold at which the necrosis 
outcome disappears (Fig. 13.12). The addition of bacterial agents with virulence 
factors significantly increased the rate of necrosis, particularly with bacterial agents 
that were able to secrete a cytotoxic exotoxin. NGEC populations with higher 
SCCmax values (hence better ROS management) steadily became resistant to 
necrosis, with the outcome disappearing outright at a threshold SCCmax value 
(Fig. 13.13).

The dynamic relationship between stress clearance and bacterial virulence dem-
onstrates the complex interplay between host susceptibility and environmental fac-
tors that can influence the pathogenesis of NEC. Although evidence does not 
currently exist to suggest that impaired stress clearance is the most proximal event 
in the pathogenesis of NEC, the ABM demonstrates its plausibility as an initiating 
factor in NEC. In addition, the ABM further explores the idea of a NEC “disease 
space” in which the actual clinical phenotype of necrosis lies within some actual 
range of host susceptibility (i.e., degree of stress clearance impairment) and micro-
bial virulence. The degree of host susceptibility secondary to prematurity likely 
exists on a spectrum as demonstrated by the SCCmax and it is important to note that 
the goal of this ABM is not to prove the hypothesis that impairment in stress- 
clearance is the proximal event in NEC, but that it is plausible. In reality, there are a 
number of other systems in the epithelial cell (which were also modeled in the 
ABM), which could be explored as potential causative factors in NEC.
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For instance, data from the model suggests that bacterial virulence may play a 
significant role in causing NEC. As no single species of bacteria has been impli-
cated in the pathogenesis of NEC [122], this suggests that the context-dependent 
activation of bacterial virulence factors may be more important to identify rather 
than isolating a single type of pathogen.

Fig. 13.12 Comparing rates of necrosis in NGEC populations (per 50 experimental runs and 
10-day experimental time). Rates of necrosis are similar but increased in the group with control 
bacteria. It is important to note that the necrosis outcome disappears if the SCCmax of the popula-
tion is adequate enough to clear the stress that is generated by cellular consumption and the pres-
ence of bacterial agents. Such a population that is completely resistant to necrosis represents a 
healthy, mature NGEC population akin to a fully mature infant

Fig. 13.13 Bacteria with virulence factors significantly increased the rates of necrosis across all 
SCCmax values, with eventual disappearance of the necrosis outcome at higher SCCmax values (not 
depicted). “Virulent” bacteria were able to secrete both mucinase and cytotoxin. The presence of 
necrosis at higher values of SCCmax, which previously did not demonstrate necrosis with control 
bacteria suggests that bacterial virulence plays an important role in precipitating necrosis. This 
suggests that more virulent strains of bacteria may be able to affect disease in premature infants 
that otherwise would have not underwent NEC
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 Conclusion

The multifactorial nature of NEC and the questions that still remain regarding its 
pathogenesis provide an excellent opportunity to supplement traditional basic sci-
ence with modeling approaches. Part of the difficulty in understanding the patho-
genesis of NEC is due to its broad clinical presentation, ranging from “NEC scares” 
that are managed conservatively to complete bowel necrosis, which requires sur-
gery. Animal models have been useful in studying NEC, albeit with extreme physi-
ologic and environmental manipulation that are not necessarily present in the 
clinical disease [37].

Mathematical and computational modeling allow for a higher degree of temporal 
and spatial resolution, particularly to aid in understanding the proximal events that 
lead to the generation of NEC. ODE models have been developed to analyze the 
impact of probiotic administration and the interplay of TLR4 and TLR9 in NEC 
[52, 55]. A PDE model [56] was used to consider the possible effects of the size and 
shape of the epithelial layer injury in the process of healing in NEC. ABMs [54] 
have been used to investigate the complex interplay between host susceptibility and 
bacteria virulence in the pathogenesis of NEC. Through continued development and 
rigorous verification, these models can ultimately be used as effective tools to 
understand this complex disease, predict disease outcomes, and design successful 
therapies for clinical application.
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