

[image: image1]
A Mathematical Model for DC Vaccine Treatment of Type I Diabetes









	
	HYPOTHESIS AND THEORY
published: 06 September 2019
doi: 10.3389/fphys.2019.01107





[image: image2]

A Mathematical Model for DC Vaccine Treatment of Type I Diabetes


Blerta Shtylla1, Marissa Gee2†, An Do3, Shahrokh Shabahang4, Leif Eldevik4 and Lisette de Pillis2*


1Mathematics Department, Pomona College, Claremont, CA, United States

2Mathematics Department, Harvey Mudd College, Claremont, CA, United States

3Institute of Mathematical Sciences, Claremont Graduate University, Claremont, CA, United States

4Aditx Therapeutics, Inc., Loma Linda, CA, United States

Edited by:
Zbigniew R. Struzik, The University of Tokyo, Japan

Reviewed by:
Lucy S. K. Walker, University College London, United Kingdom
 James Richard Moore, Fred Hutchinson Cancer Research Center, United States

*Correspondence: Lisette de Pillis, depillis@hmc.edu

†Present Address: Marissa Gee, Center for Applied Mathematics, Cornell University, Ithaca, NY, United States

Specialty section: This article was submitted to Computational Physiology and Medicine, a section of the journal Frontiers in Physiology

Received: 03 April 2019
 Accepted: 12 August 2019
 Published: 06 September 2019

Citation: Shtylla B, Gee M, Do A, Shabahang S, Eldevik L and de Pillis L (2019) A Mathematical Model for DC Vaccine Treatment of Type I Diabetes. Front. Physiol. 10:1107. doi: 10.3389/fphys.2019.01107



Type I diabetes (T1D) is an autoimmune disease that can be managed, but for which there is currently no cure. Recent discoveries, particularly in mouse models, indicate that targeted modulation of the immune response has the potential to move an individual from a diabetic to a long-term, if not permanent, healthy state. In this paper we develop a single compartment mathematical model that captures the dynamics of dendritic cells (DC and tDC), T cells (effector and regulatory), and macrophages in the development of type I diabetes. The model supports the hypothesis that differences in macrophage clearance rates play a significant role in determining whether or not an individual is likely to become diabetic subsequent to a significant immune challenge. With this model we are able to explore the effects of strengthening the anti-inflammatory component of the immune system in a vulnerable individual. Simulations indicate that there are windows of opportunity in which treatment intervention is more likely to be beneficial in protecting an individual from entering a diabetic state. This model framework can be used as a foundation for modeling future T1D treatments as they are developed.
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1. INTRODUCTION

Type I diabetes (T1D) is a chronic disease, often diagnosed in early childhood, that is characterized by an inability to regulate levels of glucose in the blood. Managing T1D requires daily injections of the hormone insulin. Even with proper management, individuals with T1D are at higher risk for serious health issues, including vision problems as well as heart, kidney, and nerve disease (Isley and Molitch, 2005). The causes of T1D are still not completely understood, but it is believed to be the result of a combination of environmental and genetic factors (Freiesleben De Blasio et al., 1999).

Type 1 diabetes is characterized by chronic elevated blood-glucose levels. These elevated glucose levels result from an abnormal auto-immune attack on insulin-producing β-cells in the pancreas. Cells in the body, such as fat, blood, and muscle cells, respond to insulin by absorbing glucose from the blood, thus lowering blood glucose levels. When insulin-producing pancreatic β−cells are damaged via an auto-immune attack, normal insulin production is disrupted, and blood glucose rises above healthy levels.

Specific clones of cytotoxic T-cells are thought to be the major culprit for this autoimmune response that invades the pancreatic islets of Langerhans (Varela-Calvino et al., 2017). However, many other types of immune cells are implicated in facilitation of the onset of disease. For example, Nerup et al. (1994) proposed that while the adaptive immune system does play a role in late stages of β-cell destruction, initial attacks are the result of macrophages secreting cytokines that are toxic to β-cells (Nerup et al., 1994). Dendritic cells (DC), which participate in antigen presentation, can contribute to initial onset and further development of the disease (Price and Tarbell, 2015). In non-obese diabetic (NOD) mice in particular, DCs appear in the pancreatic islets early on (3–4 weeks) and present self-peptides to auto-reactive T cells (Calderon et al., 2011; Carrero et al., 2016).

The non-obese diabetic mouse (NOD) has been an invaluable animal model system for the study of T1D, since in humans this disease is difficult to study non-invasively. In female NOD mice the timeline of the disease can be structured in stages. Specifically, as early as 2 weeks after birth immune cells infiltrate the pancreatic islets, at the 2–5 weeks mark macrophages and dendritic cells appear (Carrero et al., 2016), and at 6–10 weeks CD4+ and CD8+ T-cells engage with islets (Dahlén et al., 1998) (although CD8+ cells that are weakly insulin specific can emerge as early as 4–5 weeks; Trudeau et al., 2003). In NOD mice diabetes occurs when 95% of the β-cells are destroyed. Although incidence of T1D and time of onset can vary among different NOD mouse populations, typically 70–90% of female NOD mice develop T1D by 30 weeks of age, depending on strain, environment, and other factors (Alanentalo et al., 2010; Chaparro and DiLorenzo, 2010; King and Sarvetnick, 2011; The Jackson Laboratory, 2019). Prior to T1D onset when immune cells invade the islets, a general inflammatory state, referred to as insulitis, emerges. Interestingly, while almost all NOD mice develop insulitis, many do not develop T1D. A variety of genetic and environmental factors correlate with T1D. There are a few immune deficiencies that are thought to aid in the development of T1D in NOD mice, which in turn could mimic the factors that lead to T1D in humans. We highlight a few key NOD T1D related deficiencies that we examine closely in this paper. First, as part of normal development in neonatal rodents (both NOD mice and non-diabetes-prone Balb/c mice), the pancreas undergoes structural changes due to a high rate of apoptosis of β-cells during weaning, referred to hereafter as the apoptotic wave (Trudeau et al., 2000). Secondly, experiments have shown that macrophages from NOD mice have defective phagocytosis (O'Brien et al., 2002; H. et al., 2003; Maree et al., 2005). In addition, there is evidence that NOD mice have an IL-2 defect, which most likely affects proliferation and survival of Tregs (Tang et al., 2008), and in fact, T1D has been shown to be accelerated in Treg-deficient NOD mice (Feuerer et al., 2009). These factors collectively indicate that macrophages set the stage for the disease, and that Tregs are required to prevent disease progression. Antigen presenting cells, such as dendritic cells, can play a role in an important connection between macrophage engulfment and Treg expression (Creusot et al., 2014).

Understanding all the elements and complex interactions that contribute to differing immune system responses continues to be an active area of investigation. How cells die and how cell death and immune dynamics interact is a critical piece of the immune response puzzle. As discussed in Green et al. (2009), there are multiple varieties of cell death (including apoptosis, autophagic cell death, necrosis, secondary necrosis, pyropotosis, and mitotic catastrophe), and the conditions under which cells die (including cell death pathway, timing, and location) will trigger different cascades of events that can ultimately lead either to an immunogenic (inflammatory) or tolerogenic (anti-inflammatory) immune response. For example, it is generally understood that normal physiological cell death (apoptosis) contributes to tolerogenic immunity, whereas pathological cell death (necrosis) triggers an immunogenic (inflammatory) response. There is evidence that there are some exceptions to these categorizations, but for the sake of the model-building that we will do in this paper, we will adopt this simplified framework (i.e., apoptosis → tolerogenic response and necrosis → immunogenic response). For our purposes in this paper, we focus on the role that an engulfed dying cell has on DC activity. Specifically, the state of an engulfed cell (i.e., whether it is apoptotic or necrotic) in our framework dictates whether a DC will present an immunogenic (“fight”) signal that increases the action of effector T cells, or a tolerogenic (“stand down”) signal that increases the effects of regulatory T cells. We highlight that this function-based DC classification omits many details that are known about categorization of DC subsets, based on, for example, origin, phenotype, or function (Collin et al., 2013). For example, Steinman (1991, 2012), Banchereau and Steinman (1998), and Steinman et al. (2000, 2003) proposed a framework that broadly categorized monocyte-derived DCs as either immature or mature. In this framework, once DCs are resident in tissue, they are continually active in either immature or mature states. Immature DCs are more likely to be tolerogenic (that is, they contribute to the cascade of events that leads to an increase in the tolerogenic response). Once an immature DC is exposed to a danger signal (from a necrotic cell, for example), the DC matures, and is then more likely to contribute to an immunogenic response. Thus, we categorize DCs as either tolerogenic (and refer to these as tDCs), or immunogenic (simply referred to as DCs), with the understanding that tDCs are more likely to be immature, and DCs are more likely to be mature.

A number of mathematical models have been created to explore various hypotheses regarding key factors in T1D onset and progression (c.f. Nelson et al., 2009; Shoda et al., 2010; Jaberi-Douraki et al., 2014). One hypothesis referred to as the “Copenhagen model" in Freiesleben De Blasio et al. (1999) postulated that differences in macrophage engulfment rates can be sufficient to result in autoimmunity. While, Freiesleben De Blasio et al. (1999) performed preliminary mathematical analysis of this model, the results presented were primarily qualitative, and did not investigate the model for biologically grounded parameters of NOD mice. Motivated by the Copenhagen model, Marée et al. (2006) performed a quantitatively rigorous evaluation of the earlier, preliminary modeling; the key idea they tested was that NOD mice have a diminished ability to clear apoptotic β-cells, which then become necrotic. The core of their model relied on bistability between a healthy and a disease state, a transition which could be achieved with the help of variations of macrophage clearance rates. The role of T cells was then subsequently investigated first in Alexander and Walh (2011) where they studied a generic model of autoimmune disease that could be controlled by Tregs. Magombedze et al. (2010) extended the Maree et al. model to include generic Treg control of the autoimmune response. In Mahaffy and Edelstein-Keshet (2007), a mathematical model with activated, memory, and effector T cells was examined in the context of late disease progression when cyclic fluctuations in the levels of T cells in the blood were observed by Trudeau et al. (2003). Khadra et al. (2009) followed up with a simplified model that tracked various T cell clones with a primary focus on understanding the role of low avidity memory T cells that can shield β-cells, thereby generating a bistable system including a healthy and a diseased state. More recently, Jaberi-Douraki et al. (2015) examined the role of ER stress in β-cell death, whereas Moore and Adler (2016) used a model with many immune populations to explore the role of viral infection in the rate of progression of T1D in NOD mice. While all the above models have used nonlinear ODEs, recently Wedgwood et al. (2016) proposed an agent based spatial model using data from human pancreata collected close to the onset of T1D, with particular focus on the mechanisms underlying the development of insulitis in pancreatic islets.

In this paper, we propose a nonlinear ordinary differential equation mathematical model that explores the role of tolerogenic DCs in the initiation and progression of T1D in NOD mice. Our model relies on previous modeling strategies, such as Marée et al. (2006), where the implementation of the Copenhagen model that accounts for differences in macrophage clearance rates could recreate the healthy and NOD mouse natural histories in the context of blood glucose levels. In contrast to the approach by Marée et al. (2006), our model includes healthy β-cell counts as well as APC (antigen presenting) and T-cell populations. The primary goal of our model is to examine the role played in disease development by DC cell populations that have both immunogenic and tolerogenic properties. While, Moore and Adler (2016) also included multiple classes of immune cells, such as tolerogenic DCs in the context of viral infection, in our case we are interested in the specific generation of tolerogenic DCs from normal β-cell apoptosis in the pancreas. At the same time, we only include two categories of T cells, such as effectors and regulatory cells. Our approach extends prior work but also provides a new framework for testing curative DC based vaccine therapies. This is based on recent attempts to use DC injection in both mice (Machen et al., 2004) and a Phase I clinical trial (Giannoukakis et al., 2011) that showed DC treatments to be safe for human subjects. DC therapies have shown tremendous promise in cancer treatment (reviewed in Palucka and Banchereau, 2013), however, in their immature state DCs can show tolerogenic properties that can lead to stimulation of Tregs, which can have beneficial effects in autoimmune disease and transplant rejection (reviewed in Creusot et al., 2014). Indeed, Machen et al. (2004) showed that a single injection of DCs into 5–8 week old female NOD mice could significantly delay T1D onset and abolish insulitis in NOD mice that did not develop diabetes. Interestingly, while a single unmodified DC injection into 4–8 week old NOD mice can delay disease onset, a single injection into 10–12 week old NOD mice does not have the same effect (Creusot et al., 2014) unless supplemented with IL-4. The primary two questions we seek to answer through modeling here are:

• What role do tolerogenic DCs play in the development of the disease in the presence of a β-cell apoptotic wave in NOD (diabetes prone) and Balb/c (non-diabetes-prone) mice?

• What role do the timing and dosing of tDC injections have on the ability of NOD mice to escape T1D onset?

We show that tolerogenic DCs do not significantly affect disease onset. Instead, slowed macrophage clearance rates are the primary drivers for NOD T1D development. The addition of DC clearance narrows the range of model bistability, but overall produces results in agreement with prior work of Marée et al. (2006). Second and most important, we show that dose timing is critical for prevention of T1D onset. Using various DC dosing schedules we show that injections administered too early or too late can prove ineffective, indicating a sweet spot for changing the course of disease. Our simulated injection studies show that Tregs have a primary role in helping revert disease and that nonlinearities can produce interesting counter-intuitive results. Our simulated dosing results are in qualitative agreement with Machen et al. (2004). Our mathematical model can be used as a first step in the study of the role of timing and dosing of DC injections in NOD mice.

2. MATERIALS AND METHODS

2.1. Model Formulation

The mathematical model we developed here consists of a single well mixed pancreatic compartment that includes various types of β-cells and immune cells, diagrammed in Figure 1. For the β-cell populations, we included healthy (B), apoptotic (Ba), and necrotic (Bn) populations, similar to Marée et al. (2006). For the immune cell populations, we restricted our attention to APC populations of macrophages and DCs, as well as T cell populations including effector, regulatory, and memory T cells. While it is likely that more immune populations are involved, our goal is to keep a simple framework in which two classes of DCs compete for activation of either effector or regulatory cells. All the model populations are listed in Figure 1.


[image: image]

FIGURE 1. Diagram illustrating the biological quantities and interactions that are tracked in our single compartment model. β-cell populations are split into three categories: healthy population (B), apoptotic cells (Ba), and necrotic cells (Bn). Healthy β-cells are involved in glucose (G) and insulin (I) regulation, whereas the dying β-cells (apoptotic and necrotic) interact with immune cells. Dendritic cells are split into two categories: immunogenic DC (D) and tolerogenic DC (tD) based on their ability to engage an immunogenic or tolerogenic T cell response. DCs in our model are assigned into a particular category once they engulf either apoptotic or necrotic β-cells. Macrophages can either be in an activated (Ma) or non activated form (M) based on their capacity to engulf β-cells. T cells are split into: regulatory T (R), effector T (E), or memory T (Em). All populations are measured in cells ml−1 except for B (mg), G (mg dl−1), and I (μ U).



There are specific target behaviors that we seek to capture in our model structure in order to effectively characterize the development of T1D, and to improve the accuracy of DC treatment simulations. As observed in Marée et al. (2006), there are differences in macrophage clearance rates between NOD and Balb/c mice that can lead to T1D in some mathematical models. Thus, our model is constructed to have the property that differences in macrophage clearance rates between NOD and Balb/c mice lead to differences in the development of the disease. For the macrophage population equations, we use the same formulation as the model examined in Marée et al. (2006), which captures interactions between resting/inactive (M) and active (Ma) macrophages, apoptotic, and necrotic β-cells. The equations governing macrophage behavior are
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Following Marée et al. (2006), in Equation (1) resting macrophages are recruited in the pancreatic compartment with constant influx rate J, whereas activated macrophages recruit additional resting macrophages into the compartment with rate b. In Equations (1)–(2), a resting macrophage becomes activated when it engulfs either a necrotic or an apoptotic β-cell with rate fM. In turn, activated macrophages convert back (or deactivate) into the resting population with rate k. Finally, both populations are decreased in response to macrophage crowding which could result in reduced macrophage entry into the pancreatic compartment with rate e1, e2, respectively.

Next, we incorporate the dynamics of healthy β-cells, glucose, and insulin in addition to their interactions with T cells with the following equation
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We assume that healthy β-cells are produced at a rate proportional to glucose levels K1(G). We employ the glucose dependent growth term derived in Equation (5.2) of Graham (2012)
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This term is similar to the glucose-dependent β-cell growth term of De Gaetano et al. (2008) (Appendix 1, Equation 6). This form postulates a slow saturating growth term with half max glucose level of Ghb. In addition, healthy β-cells die at a constant rate δB due to a natural lifespan of the cells. There is evidence that effector T cells kill their targets by programming them to undergo apoptosis (Janeway et al., 2001). Thus, in the model, when β-cells encounter effector T cells, we will have them enter an apoptotic state with rate ηe(t)K2(E, R). The T cell apoptosis term is given by the nonlinear saturating function
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which includes both a saturating effect in effector T cells and a slow down in β-cell apoptosis in the presence of regulatory T cells, similar to Moore (2015). The rate ηe(t) captures the effectiveness of β-cell killing by effector T cells and it is an increasing function in time given by
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A plot illustrating the functional form of this time-dependent rate is shown in Supplementary Figure S3. The rapidity of the ascent to the steady state maximum value in ηe(t) is controlled by the parameters η, αe, and βe. This form is chosen so as to capture an increasing avidity of effector T cells against β-cells as a function of time. This may be because presumably more antigen becomes available with disease progression, thereby increasing the number of autoantigen-specific T cells (Trudeau et al., 2003; Krishnamurthy et al., 2006). The parameters αe, βe, which describe the rate at which effector T cell avidity increases over time, are estimated here from glucose data of Li et al. (2010). The term W(B, t) captures death of healthy β-cells due to a normal developmental apoptotic wave, as first postulated in Trudeau et al. (2000). We use a slightly modified term from Marée et al. (2006) with
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which encodes that the wave peaks at approximately 9 days corresponding to 10% of the β-cell population mass. The scalar multiplier w is a parameter we vary in order to control the magnitude of the wave in our simulations. We note that we do not incorporate new cell growth which occurs in the growing mouse pancreas. This assumption results in a more pronounced model β-cell mass decline in the presence of the apoptotic wave than what has been observed in experiments (Finegood et al., 1995). Unless otherwise stated, we set w = 0.75 in our model.

The model equations for apoptotic and necrotic β-cells populations are
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Apoptotic β-cells in Equation (8) are generated from healthy β-cells in three ways: regular cell turnover with rate [image: image], in response to effector T cells killing with rate [image: image], and from the apoptotic wave. The [image: image] notation is used to mark the multiplication of each corresponding parameter with a [image: image] factor that allows unit conversion for B from milligrams into cells/ml to match the units of Ba, Bn; Qpanc stands for pancreas volume, whereas Bconv gives an estimate of number of β-cells per milligram using cell counts from Chintinne et al. (2012). Apoptotic β-cells decay into necrotic β-cells at the rate d, following estimates in Marée et al. (2006). A key new addition in our model compared to Marée et al. (2006) is that both apoptotic and necrotic β-cell populations are engulfed and cleared by tDCs and DCs as well as by resting and activated macrophages, with rates ftD, fD, fM, fMa, respectively. While the rates of macrophage engulfment and β-cell clearance have been estimated (Marée et al., 2006), in this paper we will estimate DC clearance rates.

Glucose and insulin dynamics are modeled using the equations developed in Topp et al. (2000) with
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The equations are built on the assumptions that glucose enters the blood stream at a constant rate R0, leaves the bloodstream at a base rate G0G, and is taken up at an additional rate proportional to the presence of insulin, given by SIIG. Insulin is in turn produced at a rate proportional to the number of healthy β-cells, as well as the presence of glucose up to a saturation point parameterized by GI. Insulin decays at a natural rate δII.

Next, we incorporate DC cell dynamics with the following equations
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For the DC and tDC equations we are assuming that there are three pools of DCs in the model compartment and we distinguish each category by its engulfed apoptotic cell status and specificity as follows: (1) Dss corresponding to all types of DCs in the pancreas (2) tD corresponding to migratory and immature (tolerogenic) DCs that have engulfed an apoptotic beta cell and elicit a particular regulatory T cell response, (3) D corresponding to migratory and mature (immunogenic) DCs that have engulfed a necrotic beta cell and elicit a particular effector T response, (4) iD = Dss − tD − D corresponding to immature resident DCs (non-migratory) that have not engulfed some sort of dying β-cell. Immature resident DCs engulf necrotic or apoptotic β-cells at rate ftD. Note that the engulfment rate for these immature DCs is assumed to be the same as the engulfment rate of tolerogenic DCs, ftD, since tDCs are thought to be in an immature state compared to immunogenic DCs (Mackern-Oberti et al., 2015). In addition, tolerogenic DCs can convert into an immunogenic state upon engulfing a necrotic cell with rate ftD. DCs and tDCs are neutralized upon encountering effector and regulatory T cells with rates bDE and bIR, respectively; this term includes both direct elimination of DCs by T cells (Yang et al., 2006) and indirect pathways (reviewed in Ronchese and Hermans, 2001). We highlight that this term is written using a simplifying assumption that DC and T cells engage exclusively in the pancreas due to the single compartment nature of our model. However, physiologically DCs are generated and lead to proliferation of T cells in different locations such as the spleen and or lymph nodes. In the interest of simplicity, we approximate these interactions into a single modeling term in the pancreas with a main goal of avoiding a scenario in which DCs and tDCs overcrowd the pancreas, leading to unrealistically high numbers of T cells. Finally, we assume that both types of DCs have a constant death rate, μD.

We next discuss the T cell populations and interactions in our model. We incorporate three T cell populations, namely: effector (E), regulatory (R), and memory T cells (Em). The interactions between these three populations are described by
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Our model equations follow closely the models of Ludewig et al. (2004) and DePillis et al. (2013) in order to quantify how T cells are produced. Specifically, the model developed in Ludewig et al. (2004) and DePillis et al. (2013) is for T cell production in the spleen, so we adapt to fit the context of the current model, where clearance and immune cell generation happen simultaneously. The first term in Equations (14, 15) represents a homeostatic naive T cell term that generates basal levels of effector and regulatory cells. The second term in Equations (14, 15) gives the DC-induced proliferation of effector or regulatory T cells, which we assume happens with equal rates bP for both effector and regulatory T cells. We note that here we assume activation is only achieved through a specific DC or tDC interaction that requires constant contact between a DC or tDC and an effector or regulatory T cell, respectively. In Ludewig et al. (2004) and DePillis et al. (2013) these proliferating saturation terms are modeled with time delays to capture so called “pre-programming” of T cells for division and differentiation. In our case, since simulations extend for months, we assume that the delay is short in comparison and omit it. The specifics of T cell proliferation mechanisms in various modeling setups have been reviewed in Wodarz (2007)—we retain a simplified DC saturating term in our model indicating that proliferation is limited by the availability of DCs. Effector and regulatory cell interactions are incorporated with simplified mutual down-regulation terms with rates μE, μR to incorporate the mutual inhibition of effector and regulatory T cells. We note that such a term aims to most directly incorporate the effects on immune response due to differences in effector vs. regulatory T cell numbers, however, physiologically each T cell population can be suppressed through a variety of direct and indirect pathways (Sakaguchi et al., 2008). Finally, our memory T cell population is shared by the effector and regulatory T cells; we have tested versions of the model where two separate memory cell classes are assigned for the effector and regulatory T cells and noted no significant model response changes. Thus, in the interest of simplicity we opted for a single memory T cell population.

2.2. Model Parameterization

We performed parameter fitting on published DC data in order to incorporate the DC effect on the development of T1D. The types of cells that DCs engulf play a role in what type of specific immune response they generate (reviewed in Green et al., 2009). To investigate how encounters between DCs, apoptotic β-cells, and necrotic β-cells contribute to an autoimmune response to pancreatic β-cells, we first determine the rates at which DCs engulf these cells. We describe these values as the “clearance rate” of each type of DC. Such values are currently missing from the modeling literature surrounding T1D. Thus, this section draws on experimental data collected in Albert et al. (1998) and stochastic parameter fitting techniques to model these interactions and find appropriate values for the clearance rates.

2.3. Experimental Setup and Data

The experiment of interest is described in Albert et al. (1998) in which human-derived macrophages, immature DCs, and mature DCs were observed as they phagocytosed apoptotic cells, and rates of engulfment and clearance were measured. In this experiment, macrophages and immature DCs were isolated from human subjects, and a portion of the immature DCs were stimulated to mature. Each cell type was then placed with isolated apoptotic cells that had not yet undergone necrosis, and were allowed to interact over the course of 4 h. Cells were added in a 1:1 apoptotic to phagocytic cell ratio. The key conclusion reached in Albert et al. (1998) was that macrophages and the two types of DCs appeared to phagocytose at different rates. This experiment provides us with information on the relationship between rates of phagocytosis for macrophages vs. phagocytosis rates for DCs and tDCs. Because the experiment in Albert et al. (1998) involved human rather than mouse immune cells, we do not directly use those clearance rate values for DCs, tDCs, or macrophages in our mouse model.Nonetheless, we need to make a reasonable approximation to the needed clearance rates, fD and ftD in mice. In order to find mouse rate approximations, we chose to make the assumption that although rates in mice and humans may differ, the ratios of the relative macrophage to DC and macrophage to tDC engulfment rates will be the same in mice as in humans. Thus, using measured mouse macrophage engulfment and clearance rates from Marée et al. (2006), and ratios of macrophage to DC and tDC engulfment and clearance rates in humans (as measured in Albert et al., 1998), we computed DC and tDC engulfment rates in mice to determine our clearance rate parameters fD and ftD. For the purpose of carrying out the rate computations, we developed a reduced mathematical model that focused only on how each macrophage and DC population engulfed dying cells in the assay of Albert et al. (1998). Using this reduced model, we could employ mathematical parameter fitting techniques to extract the needed engulfment rates.

2.4. Simplified Interaction Model

We developed a simplified set of mass action equations to model the experimental setup. In Albert et al. (1998), there is no distinction made between active and inactive phagocytic cells so we assume that the rates reported for macrophages correspond to the rate of active macrophages in our model, and similarly the rates for immature and mature DCs correspond to the rates for tolerogenic and immunogenic DCs in our model. Based on these assumptions, we model each type of phagocytic cell in Albert et al. (1998) as engulfing with a single clearance rate that does not depend on how many cells it has already phagocytosed. Using these assumptions we develop the following governing equations, which can be used for all three types of phagocytic cells,
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where C represents the apoptotic cell population, Pe(t) represents the population of phagocytic cells that have engulfed something since the beginning of the experiment, and P the total population of phagocytic cells. Note that Pe, P are generic population terms that represent M, D or tD for each data set (see Table 1). The model is initialized with C(0) = P and Pe(0) = 0. We note that we track Pe because we are interested in computing the percent phagocytosis as computed in the experimental data.


Table 1. State variables describing the cell populations relevant to the ODE model fit to data from Albert et al. (1998), as well as their meanings.
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We can solve the system to obtain the following solutions
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Percent phagocytosis, ρ is then given by ρ = Pe(t)/P × 100%. We note that as t → ∞, [image: image]. This tells us that our steady-steady percent phagocytosis does not depend on the rate at which phagocytic cells engulf apoptotic cells. This presents a challenge in fitting this model to measurements in Albert et al. (1998) at larger values of time, because the experimental data indicates different steady state values for different cell types. However, we can fit this model to the behavior of each cell type at small time values. Furthermore, we are more interested in the transient behavior of the model, because this represents interactions that occur without the effects of a limited source of apoptotic cells. Because our full pancreas model assumes apoptotic cells are being produced in the system, we would expect behavior there to also not be limited by the apoptotic cell population. We chose to use data up to 1 h in our fitting, as this is the time frame in which there did not appear to be significant saturation of percent phagocytosis in the data.

2.5. Pancreatic Compartment DC Parameter Values

We fitted the parameters for the simplified model using the Maximum Likelihood Estimate (MLE), implemented using the Metropolis Monte Carlo Markov-Chain (MCMC) algorithm for this process, detailed in the Supplementary Information. Next, we used the parameter fits from the simplified model in order to determine rates for DCs and tDCs in the full pancreas model as follows. We assumed that ratios between rates for macrophages, immature DCs, and mature DCs were the same in humans and mice, so we could use the ratios of the parameter values found above to determine parameters for a mouse model. Then using the mouse macrophage clearance rate estimated in Marée et al. (2006), corresponding to fMa, we computed the rates at which immature and mature DCs phagocytose by scaling fMa by the appropriate fitted ratios. Let fD and ftD represent the clearance rates of immunogenic and tolerogenic DCs, respectively, then

[image: image]

[image: image]

In order to study the effects of reduced macrophage clearance in isolation, we assumed that DCs and tDCs in NOD mice were not impaired, meaning that DC and tDC clearance rates in our model were assumed to be the same for NOD and Balb/c mice. This corresponds to scaling fD, ftD from the rate that active macrophages clear in healthy Balb/c mice, as shown in Equations (21)–(22). In addition, we assumed that necrotic cells were phagocytosed at the same rate as apoptotic β-cells.

All parameter values used in our model and corresponding sources are outlined in the Appendix 1.

3. RESULTS

Simulating T1D Initiation

One aim of previous model-based studies of T1D was to evaluate possible triggers of T1D (Marée et al., 2006). Similarly, we first simulated the model in the presence and absence of one proposed trigger, an early period of β-cell death in the pancreas (i.e., apoptotic wave). Additionally, the model was simulated for two parameter sets, one based on data from healthy Balb/c mice, and the other based on data from NOD mice that develop T1D. The results of these simulations are present in Figures 2–4.
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FIGURE 2. The populations of healthy β-cells (B), glucose (G), and insulin (I) simulated for 40 weeks, according to the mathematical model. We compare the system in the presence and absence of an early wave of apoptosis, and between NOD and Balb/c mice. Multiple glucose readings above 250 mg/dl (shown by the horizontal line) indicate the progression of T1D. The only system that crosses this threshold is the NOD mouse in the presence of the apoptotic wave (C). (A) NOD mouse, no apoptotic wave, (B) Balb/c mouse, no apoptotic wave, (C) NOD mouse, apoptotic wave, and (D) Balb/c mouse, apoptotic wave.




[image: image]

FIGURE 3. The populations of effector (E), regulatory (R), and memory (Em) T cells simulated for 40 weeks, according to the single compartment mathematical model. We compared the system in the presence and absence of an early wave of apoptosis, and between NOD and Balb/c mice. The NOD mouse shows elevated effector T cells for large values of time in the presence of the apoptotic wave, an indicator of an autoimmune response, while the Balb/c mouse and the NOD without a wave have elevated regulatory T cells, a sign of immune homeostasis. (A) NOD mouse, no apoptotic wave, (B) Balb/c mouse, no apoptotic wave, (C) NOD mouse, apoptotic wave, and (D) Balb/c mouse, apoptotic wave.
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FIGURE 4. The populations of apoptotic β-cells (Ba), necrotic β-cells (Bn), tolerogenic DCs (tD), and immunogenic DCs (D), simulated for 40 weeks, according to the single compartment mathematical model. We compare the system in the presence and absence of an early wave of apoptosis, and between NOD and Balb/c mice. (A,C) Show that the NOD mouse exhibits higher levels of necrotic β-cells, which are thought to contribute to the development of T1D. In (C), the NOD mouse in the presence of an apoptotic wave shows decreased apoptotic β-cells. (A) NOD mouse, no apoptotic wave, (B) Balb/c mouse, no apoptotic wave, (C) NOD mouse, apoptotic wave, and (D) Balb/c mouse, apoptotic wave.



The dynamics of healthy β-cells, glucose, and insulin are illustrated in Figure 2. These populations most clearly indicate whether or not the system enters a diseased state. In our simulations, we have set the threshold for pathologically elevated levels of glucose generated in our model to be 250 mg/dl, a choice motivated by Li and Escher (2013). Recall that in neonatal rodents (both NOD and healthy Balb/c mice), the pancreas undergoes structural changes due to a high rate of apoptosis of β-cells (the apoptotic wave) during weaning (Trudeau et al., 2000). We approximated the action of an apoptotic wave in our model through function W (where W(B, t) ≥ 0.01B). We indicate the effective range of our simulated apoptotic wave by a box in Figures 2C,D. In these model simulations, in the absence of an apoptotic wave, neither the NOD mouse nor the Balb/c mouse develops pathologically high glucose levels. However, even without the apoptotic wave, the NOD mouse does experience a period of β-cell death in the first 30 weeks of the simulation.

In the simulation, when the apoptotic wave is introduced, the NOD mouse develops clinically elevated glucose, along with depleted levels of β-cells and insulin, but the simulated Balb/c mouse does not. Simulated NOD glucose levels cross the 250 mg/dl threshold at approximately 24 weeks. On the other hand, after the wave, the Balb/c mouse is able to “recover” while the β-cell mass in the NOD mouse continues to decline. The simulation was run for approximately 40 weeks which aligns with time scales of experimental observations. The simulations show that the numerical steady state glucose value for the healthy systems is approximately 89 mg/dl (which is comparable to a healthy value of 100 mg/dl computed in Topp et al., 2000), while the simulated steady state glucose level for the diseased system in silico is approximately 539 mg/dl, well above the diagnostic level.

Next we examined the dynamics of specific immune cells in this simulation, shown in Figure 3. Figure 3A shows that in the case when there is no apoptotic wave, the NOD mouse nonetheless has a period of elevated effector T cells, corresponding to the period of decreased β-cell mass observed above. However, as time progresses, the concentration of regulatory T cells increases, and β-cell mass recovers, thus avoiding the development of T1D. The in silico NOD mouse shows higher levels of effector T cells when compared with the Balb/c mouse. In the case of the Balb/c mouse without a wave, we can see that effector T cells decrease early on, and regulatory T cells increase, with little impact on the population of healthy β-cells.

When we add the simulated apoptotic wave, both systems display an initial spike in effector T cells. After the period of the apoptotic wave, regulatory T cells increase in the Balb/c mouse. For the NOD mouse, there is a decrease in effector T cells after the apoptotic wave, but they remain elevated, corresponding to the long-term depletion of β-cells. In the simulation results shown in Figure 3, regulatory T cells do increase after the wave in NOD mice, but do not reach sufficient levels to inhibit the effects of effector T cells. All systems display similar levels of memory T cells, although they are slightly higher in the Balb/c mouse.

Finally, Figure 4 shows the populations of apoptotic and necrotic β-cells and immunogenic and tolerogenic DCs. (Note that active and inactive macrophages were tracked for this simulation, but the results are not plotted. Both the macrophage populations quickly reach a steady state value and remain there, and their levels do not vary greatly between NOD and Balb/c mice.)

The first 30 weeks of model simulation show some complicated nonlinear interactions among the immune cell populations. When there is no apoptotic wave (Figures 4A,B), the NOD system displays slightly higher levels of necrotic β-cells than the Balb/c mouse due to differences in macrophage clearance rates between NOD and healthy mice. Immunogenic DCs in NOD mice start at a high level due to the presence of higher levels of necrotic cells. These necrotic cells in turn produce an upregulation of effector T cell levels. The effector T cell increase is followed by rapid depletion of DCs via negative feedback arising from the direct removal of DCs by effector T cells in our model. On the other hand, in the absence of the apoptotic wave, the apoptotic cell levels are not sufficient to elicit high levels of tDC in NOD mice. These lower levels of tDC in NOD mice lead to lower levels of regulatory T cells, which then regenerate higher levels of tDC up to week 30. After this initial time frame, there is a tDC induced boost in regulatory T cells followed by a decline in tDC levels through negative feedback in NOD mice.

Although we observe that, without the apoptotic wave, the NOD system shows initial nontrivial dynamics in DC vs. tDC levels, the system eventually returns to a healthy state. In contrast, the Balb/c mouse without the apoptotic wave moves directly into a healthy state, since macrophage clearance rates are sufficiently high to remove necrotic cells.

In the presence of the apoptotic wave in Figures 4C,D, both simulated systems show a larger initial spike in apoptotic β-cells. As apoptotic and necrotic β-cells increase, and healthy β-cell mass decreases, it leads to a dip in immunogenic DCs in both types of mouse due to a fast increase in effector T cells. However, in the Balb/c mouse these effects are temporary, while in the case of the NOD mouse the immunogenic DCs remain at a lower level. Tolerogenic DCs are elevated in the sick NOD mouse relative to the Balb/c mouse, since there are more regulatory T cells at steady state in Balb/c than in NOD mice in Figure 3. The NOD mouse has higher steady state levels of necrotic β-cells than Balb/c after the apoptotic wave, which indicates a higher state of inflammation. Yet, as more immunogenic DCs are being produced in response to abundant NOD necrotic β-cells, they also become quickly eliminated by high levels effector T cells.

The levels of DC and tDC populations in the NOD vs. Balb/c mice may at first appear to be counter-intuitive: the NOD mice that have achieved a diabetic state (Figure 3C) have higher levels of tDCs than DCs, as compared to the healthy Balb/c mice that have higher DC levels than tDC levels. This dendritic cell response is in contrast to the steady state response of the T cells we see in Figure 3. Simulations produce high effector T cell levels in diabetic NOD mice and high regulatory T cell levels in healthy mice, which is consistent with our intuition that high inflammatory signals correspond to a diseased state. The nonlinear feedback dynamics of our model yield this inverse relationship between steady state levels of tDCs and regulatory T cells, and between DCs and effector T. This is because in our model, the dendritic cell populations increase or decrease in response to the presence or absence of inflammatory signals, whereas the regulatory and effector T cell populations increase or decrease in response to the tDC and DC signals. Thus, once the anti-inflammatory regulatory T cell levels are sufficiently high, for example, the tDC population is no longer needed, and will be reduced. Similar dynamics take place between DCs and effector T cells with the inflammatory signals.

A comparison of our model results against data from Li et al. (2010) is shown in Figure 5. Our model can capture average glucose dynamics well; however, there is substantial variability in glucose dynamics between individual mice, particularly as related to time of diabetes onset. In the simulated glucose dynamics, we note an initial glucose increase that is followed by a leveling out for a period of time, followed by a subsequent increase. From week 3 to week 20, β-cell destruction is taking place due to immune engagement in the pancreas. Nevertheless, symptoms are not apparent until after week 20. The rapid increase in glucose levels after week 20 in our model seems to follow an increase in effector T cell effectiveness against β-cells.
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FIGURE 5. Comparison of NOD model results with data from Li et al. (2010). Model results capture the average biological system response. Note the initial increase in blood glucose levels; glucose levels stabilize between weeks 3 and 20, and then rise relatively rapidly to above the 250 mg/dl threshold.



Sensitivity Analysis

We numerically explored the sensitivity of each of the model parameters one-at-a-time. Each parameter was both increased and decreased individually while the remaining parameters were fixed. Since the macrophage clearance rates fM and fMa are the main factors in distinguishing the fate of the NOD from the Balb/c mice, we present an analysis of the impact of changing those clearance rates in Figure 6.
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FIGURE 6. Sensitivity analysis of clearance rates fM and fMa for NOD and Balb/c mouse models. (A) Effect of 5% clearance rate changes for the NOD mouse on glucose levels at different weeks, tf. (B) Effect of 5% clearance rate changes for the Balb/c mouse on glucose levels at different weeks, tf.



The graphs in Figure 6 show the percent change in simulated model glucose levels at tf weeks. The color of each bar represents whether the parameter was increased or decreased. Simulations for both the NOD and Balb/c mice in this case include the apoptotic wave. This ensures that, in the absence of any parameter modifications, the NOD mice will become diabetic in our model.

For the NOD mouse (Figure 6A), we see that during the transient period (up to week 35), the sensitivity of the model outcome to a 5% change in the clearance rate parameter values increases over time. A 5% increase in the clearance rates leads to approximately 60% reduction in glucose levels by week 40. The response to a decrease in the clearance rates is not symmetric: a 5% decrease leads to less than a 20% increase in glucose levels.

Compared to NOD mice, Balb/c mice (Figure 6B) show very little sensitivity to clearance rate changes over the same time period (note the x-axis value differences in Figure 6A vs. Figure 6B). For the non-diabetes-prone Balb/c mice, the glucose levels change by <1% at any time point, and respond fairly symmetrically to an increase or decrease in clearance rates. In fact, the Balb/c model was fairly insensitive, not only to the clearance rates, but to any parameter changes. We observed (data not shown) that for the Balb/c mouse, when parameters were changed by 5% from their original value, there was virtually no impact on steady state glucose levels.

Motivated by the above sensitivity results for model parameters, we explored the model response for a few key parameter combinations that are critical to the mechanism for disease development in our model. For this purpose, we used a Latin Hypercube sampling (LHS) scheme to generate pairwise combinations of macrophage clearance rates, fM, fMa. Briefly, LHS is a stratified Monte Carlo sampling scheme that assigns a distribution for each parameter, partitioning them into N subintervals of equal probability then independently sampling without replacement from each subinterval. We sampled uniformly from the following clearance rate intervals [image: image] and [image: image] with interval upper bounds corresponding to the Balb/c set of clearance rates. For each interval we chose 50 subintervals for sampling corresponding to a total of 2,500 parameter combinations. In addition, in order to test the model response as a function of the wave, and the basal effector T cell activity, η, the LHS clearance rate combinations were used in order to simulate the model for three wave scales (w = 0, w = 0.5, w = 1) and two η = 0.01, 0.025. Representative model results from these simulations are shown in Figure 7.
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FIGURE 7. Susceptibility to acquiring diabetes as a function of apoptotic wave strengths w, macrophage clearance rates fM and fMa, and of baseline T-effector activity, η. (A) No apoptotic wave: Heat map of model glucose values at 142.85 weeks for varying macrophage clearance rate combinations without apoptotic wave. (B) With apoptotic wave: Heat map of model glucose values at 142.85 weeks for varying macrophage clearance rate combinations. (C) Changes in healthy boundary between region (III) and (II) as wave scaling, w, is increased with fixed η = 0.01. (D) Clearance rate regions that transition from a healthy to a diseased state with the addition of the wave (wave susceptibility range in shaded regions). Two susceptibility regions are computed, one for η = 0.01 and one for η = 0.025.



In Figures 7A,B we show heat-maps of long term model glucose levels at 142.85 weeks (1,000 days) against the macrophage clearance rates either without an apoptotic wave Figure 7A or with apoptotic wave Figure 7B. Three regions emerge in our simulations: (I) high macrophage clearance rate combinations that produce non-diabetic mice at the end of the simulations, (II) intermediate clearance rate combinations that produce non-diabetic mice that had a hyperglycemic episode at some point, (III) low clearance rate region in which the mice end up with high glucose levels. Three representative simulations of glucose levels with clearance rate parameters selected from each region are shown in Figure 8.


[image: image]

FIGURE 8. Representative glucose levels for the three clearance regions from Figure 7B: (I) non-diabetic, (II) non-diabetic after hyperglycemia, and (III) diabetic.



The boundaries between the three regions are marked in Figures 7A,B and their location can change as η and w vary. Of note here is that the boundary between region (II) and (III) (we refer to this as the healthy boundary) which shifts to the right as the magnitude of the wave is increased, as illustrated in Figure 7C. This indicates that the diabetic region (III) expands as the wave is added, engulfing clearance rate combinations that produced non-diabetic outcomes without the wave. This shows that there is a range of clearance rate combinations that are susceptible to the wave (ranges shown in Figure 7D). These susceptible ranges are of interest to us as they generate the NOD phenotype in our model, meaning that for these parameters the apoptotic wave shifts the system from the healthy to the unhealthy state. Indeed, for these parameters our model satisfies the Copenhagen hypothesis. In addition to the wave, we also observe that as the effector T cell activity (η) is increased the wave-susceptible clearance rates ranges shift (Figure 7D) indicating that the NOD phenotype can be observed with higher macrophage clearance rates if effector T cells are more efficient at targeting β-cells.

In addition to the healthy boundary transitions, there are three additional important ideas that emerge from studying macrophage clearance rate combinations. First, we note that the diabetic region (III) includes regions where fMa > fM indicating that out of the two clearance rates, the inactivated macrophage clearance rate seems to transition the system into a diabetic state when lowered significantly despite fMa being larger. Second, in Figure 7B we note that region (II) might be of biological significance; note that this region is one in which mice have lower clearance rates than the Balb/c range (recall that [image: image]), yet they are able to recover from hyperglycemic episodes in the presence of the apoptotic wave. This subset of clearance rates, could be of relevance in the context of NOR mice as in O'Brien et al. (2002) it was observed that macrophages from female NOR mice were deficient in phagocytosis of apoptotic thymocytes compared with Balb/c macrophages, however their phagocytic ability was greater than NOD macrophages. Finally, we note that the Balb/c clearance rates used in the mathematical model are far away from the healthy boundary whereas NOD clearance rates are close to the healthy boundary; this could explain why the healthy Balb/c mice show tremendous robustness in the face of parameter perturbations whereas NOD mice were far more susceptible to parameter variations, in agreement with results in Figure 6.

Simulating Potential DC Treatments for the NOD Mouse

Treatments that use injections of specifically targeted tolerance inducing dendritic cells have shown promise in recent T1D pre-clinical and clinical trials, reviewed in Creusot et al. (2014). Typically, vaccine dose is determined empirically in pre-clinical studies (Creusot et al., 2008, 2010, 2014; Ruffner and Robbins, 2010; Giannoukakis et al., 2011). In NOD mice the dosing of DC therapy ranges between 1 × 105 and 5 × 106 cells administered either once or by several injections spread out in weekly intervals. In this section, we investigate how our model responds to simulated DC treatments using current studies that have examined how the frequency and dose of injected tolerogenic DCs affects T1D disease progression. Specifically, we first closely examined two treatment plans corresponding to two total dose strengths, one representative low dose at 2 × 105 and one representative high dose at 2 × 106 using the ranges reported in NOD mice.

In Figure 9 we plot the model simulated with two single doses injected at various time points on a modeled NOD mouse system. Experiments have shown that the timing of injections can impact the effectiveness of treatment (Creusot et al., 2008, 2010; Ruffner and Robbins, 2010; Giannoukakis et al., 2011). Accordingly, we timed the injections in order to capture disease dynamics at important disease development points. Studies involving NOD mice have found that in mice that develop the disease, β-cell autoantibodies are first detected between 8 and 10 weeks, but that the development of an autoimmune response begins around 4 weeks (Creusot et al., 2014). We marked a cutoff of 250 mg/dl as the criterion for entering a full diabetic state, which is reached at 24.3 weeks of age for our modeled NOD mouse. Motivated by these points in disease development, we simulated four interesting cases of treatment start times: 4 weeks which is around the time the immune response is thought to be initiated, 10 weeks, or the time that autoantibodies are first detected, 25 weeks which is the time that this model is considered to develop the disease, and 33 weeks at which point the glucose levels experience a small plateau after the disease has progressed in our model.
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FIGURE 9. The NOD mouse model simulated with a single dose of tolerogenic DCs administered in a single injection, for varying dose amounts and treatment start times. (A–D) Glucose levels for all treatment levels. (E–H) Ratio of regulatory to effector T cells for all treatment levels. (A) Treatment is ineffective when started too early for any dose amount. In all cases, T cell ratios indicate larger values of effectors to regulatory cells when treatment is not effective. (B) Only high doses are effective when started at the 10 week mark in the pre-diabetic range. (C) Both treatment amounts are effective right after glucose threshold is exceeded, as indicated by low terminal glucose levels and high T regulatory cell levels. (D) Treatment can be effective when started after the development of the disease, but larger doses are required.



In Figure 9 glucose and T cell ratios are shown for up to 50 weeks. Note that glucose levels above 250 mg/dl are considered evidence of the disease, and below 250 mg/dl, considered not to be overtly diabetic (marked by a horizontal line in the plots). In the cases in which glucose exceeds the diabetic threshold, we also see that effector cell levels exceed regulatory T cell levels. The cases in which the mouse shows non-diabetic glucose levels are also marked by higher levels of regulatory to effector cells, indicating an important role of T cells in disease development. The time at which treatment is applied can significantly affect outcomes. If the treatment is applied at the earliest time, 4 weeks, it does not prevent the development of disease, regardless of the dosage. At the 10 week mark at which point the model is in pre-diabetic stage, only the high dose is effective, whereas at 25 weeks both dosages are effective when administered in a single injection. At 33 weeks, only the higher dosage of 2 × 106 cells has an impact, indicating that the treatment is less effective if given too long after the disease develops. Thus, a simple investigation of the model yields non-trivial time and dose dependency for DC injections at various stages of T1D development.

In Figure 10 the total dose levels remain the same as before, but each dose is fractionated in weekly installments across 4 weeks. In this case, with a start time of 4 weeks, all doses remain ineffective. This indicates that even when early intervention is distributed over a longer time span it cannot reverse the course of the disease. The rest of the treatment start times show similar response to the single dose examined earlier with the high dose showing effectiveness if initiated after the 10 week mark.
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FIGURE 10. The NOD mouse model simulated with doses of tolerogenic DCs administered in four weekly injections, for varying dose amounts and treatment start times. (A–D) Glucose levels for all treatment levels. (E–H) Ratio of regulatory to effector T cells for all treatment levels. (A) Early treatment is not effective when it is delivered in four weekly doses for both high and low dosing. (B) Only high doses are effective and in (C) we see that for later treatment start times both low and high doses are effective, however, in (D) we see that the low dose loses effectiveness similar to the case with one dose application.



Next, we simulated treatments using a wide range of start times (from 1 day to 45 weeks) for the high and low doses in order to identify critical times when each dose first became effective or lost effectiveness. In Figure 11 we show the time course of the ratios of Treg to Teff, tolerogenic to immunogenic DC, and apoptotic β to necrotic β-cells around one critical transition point for the high dose, corresponding to 6.57 weeks, and two critical transition points for the low dose at 24.86 weeks (when low dose first becomes effective) and 32.43 weeks (when low dose is first ineffective).
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FIGURE 11. Time-course of cell ratios with two doses (2e + 05 and 2e + 06) with treatment started at critical transition start times. At Start Time = 6.57 weeks, the high dose first becomes effective displaying a rapid increase in regulatory T cells followed by a slow increase in β-cells; the low dose treatment, however, is not able to alter the course of T1D development. At Start Time = 24.86 weeks the low dose first becomes effective at eliciting a Treg response which corresponds to a switch in the ratio of Ba/Bn and an increase in β-cell mass. At Start Time = 32.43 weeks the low dose is not effective anymore.



For all the critical start times examined in Figure 11, we observed that the ratios of non-inflammatory to inflammatory cells took a dramatic turn if enough tDCs were injected at a particular time in the NOD mouse. Specifically, at the critical start times, tDC injections led to increases in regulatory T cell levels compared to effector T cells. This was then followed by an eventual decline in tDC levels compared to DC levels, a dynamic we attribute to negative feedback between T cells and dendritic cells in our model. (Note that this response is the same as the one we saw in the model without treatment: tDCs initiate an immune response but are eventually removed by regulatory T cells.) In addition, these changes were accompanied by an increase in β-cell levels in the pancreas and recovery of the mouse. Of particular interest are the ratios of regulatory to effector T cells which show non-monotonic response as a function of time in the cases when the treatment is either not effective or not applied.

In order to investigate more closely the time vs. dose dynamics, we next simulated the model with a single injection and varied the treatment start time one day at a time over the course of 45 weeks for a wide range of possible doses between 1 × 104 and 5 × 106 in dose increments of 104. For these simulations, treatment outcomes were evaluated at 85 weeks in order to allow the system to settle into a steady state.

In Figure 12A we plotted the time course of regulatory to effector cell ratios for an untreated NOD mouse along with effective dose time windows for all single tDC treatment doses tested in Figure 12B. First, for the untreated mice, we note that the ratio of regulatory to effector cells declines significantly following the apoptotic wave (Time< 10 weeks), as an inflammatory response is mounted in response to production of uncleared necrotic β-cells. However, after the initial post-apoptotic dip, regulatory cells recover and peak between week 10 and 20 followed by a secondary peak in regulatory T cells around week 30 (both peaks are marked in gray in Figure 12A). Upon comparison, we noted a striking similarity between the dose time windows and the untreated NOD T cell ratios (compare the peaks in Figures 12A,B). Specifically, windows of opportunity for treatment seem to correspond to the two major regulatory T cell peaks that occur in untreated mice. The increase in regulatory cells in these two cases seems to come right after significant β-cell death events, such as apoptotic wave, or when rate of effector T-cell strength (ηe(t)) increases most rapidly [i.e., after the half-max point for ηe(t)]. This indicates that windows of opportunity emerge when regulatory T cells experience slight increases following β-cell apoptosis. In Figure 12C, we illustrate the critical role of T cell ratios for a chosen dose (note red line in Figure 12B marks Dose = 0.8e6) where positive treatment outcomes correspond to simulations for which the steady-state R/E ratio is positive in logarithmic scale whereas negative treatment outcomes correspond to negative values in the logarithmic scale (compare Figures 12B,C).
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FIGURE 12. A comparison of NOD mouse T cell ratios with computed treatment windows. (A) An untreated NOD mouse time course of the ratio of regulatory (R) to effector (E) T cells. After the apoptotic wave an increase in regulatory cells due to cell death generates a peak in the ratio (R/E), which qualitatively agrees with the peaks in the low dose window of opportunity calculations. (B) The NOD mouse model simulated with a single dose of tolerogenic DCs administered at a series of treatment start times. Lighter regions indicate the treatment levels that successfully return the mouse to a healthy state. Note that dose levels decrease along the y-axis, so that higher doses are in the lower part of the graph, and lower doses are in the top part. Windows of opportunity change as a function of start time and tDC injection dose. (C) Windows of opportunity (in time) for an example tDC dose level (0.8e+06), comparing outcomes for treatment started at different times. The log ratio of R/E is plotted as a function of treatment start time: log (R/E) > 0 indicates treatment was successful, and log (R/E) < 0 indicates treatment was not successful.



In Figure 12B we observe roughly three dosing categories: (1) Low dose treatments (toward the top of Figure 12B) have a single late window of opportunity that decreases as the dose decreases and then disappears at 3e4, (2) Medium dose treatments that show two distinct windows of opportunity (early and late windows), (3) High doses (toward the bottom Figure 12B) show longer uninterrupted windows of opportunity that start at earlier times for increasing doses.

In conclusion, we see that there is a striking correspondence for the treatment effectiveness times for single tDC injections in our model with the periods of time for which the regulatory to effector cell ratios stay above a certain threshold. Based on this observation, we propose the following hypothesis: the time windows in which regulatory T cells seem to recover might be the most opportune times to administer tDC injections, as this may lead to subsequent disease recovery. This indicates that the (R/E) ratio might need to reach a particular threshold value before treatment can be effective and the specific threshold varies as doses vary.

4. DISCUSSION

In this paper, we have presented a simplified single compartment mathematical model that incorporates dendritic cells and T cells interacting with pancreatic β-cells. This model captures important qualitative features of T1D progression and dynamics. First, the model has clear, distinct, steady states that match the dynamics observed in both healthy Balb/c and disease-prone NOD mice. Comparing simulation outcomes for the NOD or Balb/c systems, a mouse enters a diseased steady state only if it has both reduced efficacy of macrophages (typically associated with NOD mice) and undergoes a wave of increased β-cell death. Both of these characteristics have been observed in NOD mice, and implicated in their susceptibility to T1D in the context of the Copenhagen hypothesis (Maree et al., 2005). Importantly, we also have incorporated an active role of DCs in both clearance of dying β-cells and generation of a T cell response due to a direct β-cell death interaction in the pancreas, which, to our knowledge, has not been studied in detail in prior models. Our DC clearance rates were carefully fitted to published data and work in conjunction with macrophages to create either a healthy or a diseased state in our model. Our model included multiple immune pathways and nonlinear feedback dynamics. For example, we observed that tolerogenic DCs are needed in order to initiate a regulatory T cell response, which is necessary for mice to reach a healthy state. Counter-intuitively, however, simulations of a healthy NOD mouse result in low levels of tolerogenic DCs during the maintenance of a low inflammatory state, in which effector T cell levels are high, and the disease does not prevail. This is a model prediction that needs to be validated through biological experiments.

While our model only includes the pancreatic compartment, we necessarily have to include many parameters that capture the dynamics of the interactions between immune cells and β-cells. Many of these parameters have been measured or inferred, and we carried out our own fitting where possible as well. Yet, model response must be tested for sensitivity to parameter values. From our sensitivity analysis, we see that the NOD mouse is much more sensitive to single parameter changes than is the Balb/c mouse. We interpret this to mean that the healthy clearance rates of the simulated Balb/c mouse create a more robust healthy system overall, so that no single factor can easily lead to disease development. Interestingly, a number of parameter modifications in the NOD case will drive the system toward a healthy steady state. This supports a scenario in which the model has two distinct steady states, corresponding to healthy and diseased physiological conditions, and that within the range of parameters examined, the “diseased” state has a smaller basin of attraction. Since the model is currently highly non-linear, a steady state analysis is a challenge we aim to explore in the future. Increases in either the active or inactive macrophage clearance rates can protect the NOD mouse from developing the disease, further supporting the hypothesis that macrophage clearance plays a role in the development of T1D. In addition, by studying a large set of clearance rate combinations, we discovered non-trivial relationships between macrophage clearance rates, apoptotic wave magnitude, and effector T cell kill rates for β-cells. These observations might give us some clues as to why we see large variability in individual mouse glucose level time courses for the NOD mouse. We intend to explore population variability further in the future.

The results of the model simulations are encouraging in the context of developing simulations for a DC-based treatment for T1D. We note that our model is significantly simplified by virtue of allowing all interactions to take place in the pancreas. Nonetheless, the responses of the model to external infusions of tolerogenic DCs supports the concept that treatments targeting the tDC population are worth investigating further, both biologically and through expanded mathematical models. In our model the balance of effector and regulatory T cells depends on the balance between apoptotic and necrotic β-cells, and thus on the ratio of DCs and tDCs. Changing that balance of DC levels can have an impact on disease progression. We thus accordingly tested clinically relevant tDC treatments and observed that both timing and dosing of tDC administration can have a significant impact on the ability of the NOD mouse to resist disease onset and to recover. Most interestingly, in agreement with data from Feili-Hariri et al. (2003), Creusot et al. (2008, 2014), and Ruffner and Robbins (2010), we observed that treatment was most effective if it was applied later rather than earlier in the NOD mouse, but if applied too late it could not affect disease outcome. High doses were the most effective in our model, but even those could not lead to a healthy state before some immune involvement was present in the NOD mouse. This may indicate that preventative treatments might not be as effective in this context. These observations may support the concept that a certain level of inflammation may be required for DC-based treatments to be effective. An observable change in the direction of disease progression might also be more apparent when β-cell loss or dysfunction is near a certain threshold below which blood glucose levels continue rising. Assuming that β-cells can divide if protected from autoimmune destruction, timing of treatment may result in β-cell counts rising back to the threshold that allows the subject to resume insulin secretion at normal levels thus restoring normal blood glucose levels. If β-cell counts are at the threshold level or far from it, then a bigger change is required to observe noticeable change.

In preclinical studies, it is very difficult to explore outcomes for a large range of doses and timings, but with a mathematical model such as this one, we are able to investigate a much wider range of treatment protocols. Such an exploration revealed interesting dynamics that were affected both by using various levels of dosing, and by starting the dosing at different times through the life of the in silico mouse. With simulated intermediate dose levels, unexpected windows of opportunity for treatment efficacy emerged as the system recovered post apoptotic wave: treatment that was applied early or late in the life of the simulated mouse was effective, yet there was also an interval of time in between in which intermediate dose levels were ineffective. Of particular interest is to understand how to predict when these time-windows of opportunity will arise. We discovered a strong connection between emergence of time-windows of opportunity for treatment initiation and higher ratios of regulatory to effector T cells in untreated NOD mice. This Treg to Teff ratio provides a nondimensional measure by which treatment effectiveness might be predicted prior to treatment. These results indicate that both dosing and treatment timing should be carefully examined in the context of T1D, particularly when immunotherapy treatments are under consideration.

The goal of this work was to develop a differential equations model of the biological systems involved in the development and treatment of type 1 diabetes, with an emphasis placed on the impact of DCs on the activity of T cells in the context of treatment. Models of this form are useful in understanding what triggers the development of T1D, how the disease progresses, and the potential impact of various treatments. There are multiple directions for future research using similar modeling techniques. First, the model could be expanded into a multiple organ compartment model that could more accurately capture organ-specific dynamics, such as immune interactions in the spleen or lymph nodes. This is an approach that we are currently pursuing. In addition, many immune cell interactions are complex and will require further data, such as data that can elucidate the impact of cell death on the tDC to DC ratio. Another aspect of the model to explore is the possible role of a delay in the production of T cells vis a vis modulation of the immune system by DCs. There is disagreement in the literature (Wodarz, 2007) over whether or not there is a waiting period when a T cell is activated by a DC. We chose to model the system without that delay, but it could provide additional insight or new and interesting behavior if we were to include it. Additional analysis is also possible for the simulation of DC therapy for T1D. While we examined treatment plans grounded in current experimental work, the model could be used to determine optimal treatments within this modeling framework. Variables to examine in the future include total dose, number of doses, time between doses, and treatment start time. We note that in this model, we focused on specific elements of T1D initiation and dynamics, so we chose not to incorporate β-cell viability as an additional factor. In future work, the inclusion of β-cell viability may also be important when exploring optimal treatments of the whole system. Finally, further comparison with experimental results may suggest modifications of the dynamics reflected in the model or treatment equations.

This report primarily provides three useful insights into modeling T1D. First are the apoptosis dependent activation for DCs and values of the β-cell engulfment rates by DCs in the pancreas. The values of the engulfment parameters themselves may prove useful in further attempts to refine the model dynamics of DCs in the pancreas. Additionally, the parameter fitting algorithm presented in this report can be expanded and improved. For example, the simplified differential equation model that we used to implement the parameter fitting algorithm does not agree with published data for long time periods (>2 h). While we mainly focused on transient behavior of DCs, this could indicate that there are additional dynamics to take into account in this simple set up. If this is the case, then further parameter fitting with a more detailed model of DC behavior could yield more accurate parameter values for use in modeling. Second, we provided a platform in which immune therapies can be examined, such as in the context of clinically relevant DC injections. This provides the ground work for more detailed multi-compartment models that examine immune cell activation in lymph nodes/spleen and their trafficking in the blood prior to engagement with the pancreas. We are currently pursuing these model extensions. And third, we discovered a strong connection between regulatory to effector T-cell levels and time-windows of opportunity that should be targeted for administering tDC treatments.

Finally, this model serves to continue building a framework for useful mathematical models of the development of T1D. The single compartment is unique because of the diversity of cell types that it incorporates into a model of T1D. However, other models, such as the one in Moore and Adler (2016) examine aspects of the system in more detail. Our model could serve as a baseline that could be extended to examine more detailed dynamics in a broader context. Additionally, it could be used to explore the impact of other outside factors on the development of T1D, such as different treatments, environmental factors, or physiological factors such as the presence of infection.

DATA AVAILABILITY

The raw data supporting the conclusions of this manuscript will be made available by the authors, without undue reservation, to any qualified researcher.

AUTHOR CONTRIBUTIONS

LP and BS contributed conception, design, and numerical simulation of the study. MG contributed mathematical model modification and numerical simulations. AD contributed parameter sensitivity analysis. BS, MG, and LP wrote the first draft of the manuscript. SS and LE contributed support for study design, data, and participated in manuscript editing. BS and LP contributed writing, editing, and preparation of final manuscript draft. All authors contributed to manuscript revision, read, and approved the submitted version.

FUNDING

LP was supported in part by NSF grant number 1757952.

ACKNOWLEDGMENTS

We would like to acknowledge Gianna Wu (Pomona College) for critical reading of the manuscript.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphys.2019.01107/full#supplementary-material

REFERENCES

 Alanentalo, T., Hornblad, A., Mayans, S., Nilsson, A. K., Sharpe, J., Larefalk, Å., et al. (2010). Quantification and 3-D imaging of the insulitis-induced destruction of β-cells in murine type 1 diabetes. Diabetes 59, 1756–1764. doi: 10.2337/db09-1400

 Albert, M. L., Pearce, S. F. A., Francisco, L. M., Sauter, B., Roy, P., Silverstein, R. L., et al. (1998). Immature dendritic cells phagocytose apoptotic cells via αvβ5 and cd36, and cross-present antigens to cytotoxic T lymphocytes. J. Exp. Med. 188, 1359–1368. doi: 10.1084/jem.188.7.1359

 Alexander, H., and Walh, L. (2011). Self-tolerance and autoimmunity in a regulatory T cell model. Bull. Math. Biol. 73, 33–71. doi: 10.1007/s11538-010-9519-2

 Banchereau, J., and Steinman, R. (1998). Dendritic cells and the control of immunity. Nature 392, 245–252. doi: 10.1038/32588

 Beyan, H., Buckley, L. R., Yousaf, N., Londei, M., and Leslie, R. D. (2003). A role for innate immunity in type 1 diabetes? Diab. Metab. Res. Rev. 19, 89–100. doi: 10.1002/dmrr.341

 Calderon, B., Carrero, J. A., Miller, M. J., and Unanue, E. R. (2011). Cellular and molecular events in the localization of diabetogenic T cells to islets of langerhans. Proc. Natl. Acad. Sci. U.S.A. 108, 1561–1566. doi: 10.1073/pnas.1018973108

 Carrero, J. A., Ferris, S. T., and Unanue, E. R. (2016). Macrophages and dendritic cells in islets of langerhans in diabetic autoimmunity: a lesson on cell interactions in a mini-organ. Curr. Opin. Immunol. 43, 54–59. doi: 10.1016/j.coi.2016.09.004

 Chaparro, R. J., and DiLorenzo, T. P. (2010). An update on the use of NOD mice to study autoimmune (type 1) diabetes. Exp. Rev. Clin. Immunol. 6, 939–955. doi: 10.1586/eci.10.68

 Chintinne, M., Stangé, G., Denys, B., Ling, Z., In ‘t Veld, P., and Pipeleers, D. (2012). Beta cell count instead of beta cell mass to assess and localize growth in beta cell population following pancreatic duct ligation in mice. PLoS ONE 7:e43959. doi: 10.1371/journal.pone.0043959

 Collin, M., McGovern, N., and Haniffa, M. (2013). Human dendritic cell subsets. Immunology 140, 22–30. doi: 10.1111/imm.12117

 Creusot, R. J., Chang, P., Healey, D. G., Tcherepanova, I. Y., Nicolette, C. A., and Fathman, C. G. (2010). A short pulse of IL-4 delivered by dcs electroporated with modified mrna can both prevent and treat autoimmune diabetes in NOD mice. Mol. Ther. 18, 2112–2120. doi: 10.1038/mt.2010.146

 Creusot, R. J., Giannoukakis, N., Trucco, M., Clare-Salzler, M. J., and Fathman, C. G. (2014). It's time to bring dendritic cell therapy to type 1 diabetes. Diabetes 63, 20–30. doi: 10.2337/db13-0886

 Creusot, R. J., Yaghoubi, S. S., Kodama, K., Dang, D. N., Dang, V. H., Breckpot, K., et al. (2008). Tissue-targeted therapy of autoimmune diabetes using dendritic cells transduced to express IL-4 in NOD mice. Clin. Immunol. 127, 176–187. doi: 10.1016/j.clim.2007.12.009

 Dahlén, E., Dawe, K., Ohlsson, L., and Hedlund, G. (1998). Dendritic cells and macrophages are the first and major producers of TNF-α in pancreatic islets in the nonobese diabetic mouse. J. Immunol. 160, 3585–3593.

 De Gaetano, A., Hardy, T., Beck, B., Abu-Raddad, E., Palumbo, P., Bue-Valleskey, J., et al. (2008). Mathematical models of diabetes progression. Am. J. Physiol. Endocrinol. Metab. 295, E1462–E1479. doi: 10.1152/ajpendo.90444.2008

 DePillis, L., Gallegos, A., and Radunskaya, A. (2013). A model of dendritic cell therapy for melanoma. Front. Oncol. 3:56. doi: 10.3389/fonc.2013.00056

 Feili-Hariri, M., Falkner, D. H., Gambotto, A., Papworth, G. D., Watkins, S. C., Robbins, P. D., et al. (2003). Dendritic cells transduced to express interleukin-4 prevent diabetes in nonobese diabetic mice with advanced insulitis. Hum. Gene Ther. 14, 13–23. doi: 10.1089/10430340360464679

 Feuerer, M., Shen, Y., Littman, D. R., Benoist, C., and Mathis, D. (2009). How punctual ablation of regulatory T cells unleashes an autoimmune lesion within the pancreatic islets. Immunity 31, 654–664. doi: 10.1016/j.immuni.2009.08.023

 Finegood, D. T., Scaglia, L., and Bonner-Weir, S. (1995). Dynamics of β-cell mass in the growing rat pancreas: estimation with a simple mathematical model. Diabetes 44, 249–256. doi: 10.2337/diab.44.3.249

 Freiesleben De Blasio, B., Bak, P., Pociot, F., Karlsen, A. E., and Nerup, J. (1999). Onset of type 1 diabetes: a dynamical instability. Diabetes 48, 1677–1685. doi: 10.2337/diabetes.48.9.1677

 Giannoukakis, N., Phillips, B., Finegold, D., Harnaha, J., and Trucco, M. (2011). Phase I (safety) study of autologous tolerogenic dendritic cells in type 1 diabetic patients. Diabetes Care 34, 2026–2032. doi: 10.2337/dc11-0472

 Graham, E. (2012). Mathematical models of mechanisms underlying long-term type 2 diabetes progression. (dissertation). University of Utah, Salt Lake City, UT, United States.

 Green, D., Ferguson, T., Zitvogel, L., and Kroemer, G. (2009). Immunogenic and tolerogenic cell death. Nat. Rev. Immunol. 9, 353–363. doi: 10.1038/nri2545

 Isley, W. L., and Molitch, M. E. (2005). Type 1 diabetes. J. Clin. Endocrinol. Metab. 90:E2. doi: 10.1210/jcem.90.1.9996

 Jaberi-Douraki, M., Pietropaolo, M., and Khadra, A. (2014). Predictive models of type 1 diabetes progression: understanding T-cell cycles and their implications on autoantibody release. PLoS ONE 9:e93326. doi: 10.1371/journal.pone.0093326

 Jaberi-Douraki, M., Schnell, S., Pietropaolo, M., and Khadra, A. (2015). Unraveling the contribution of pancreatic beta-cell suicide in autoimmune type 1 diabetes. J. Theor. Biol. 375, 77–87. doi: 10.1016/j.jtbi.2014.05.003

 Janeway, C. A., Travers, P., Walport, M., and Shlomchik, M. J. (2001). “Immunobiology: the immune system in health and disease,” in Immunobiology: The Immune System in Health and Disease, 5th Edn (New York, NY: Garland Science). Available online at: https://www.ncbi.nlm.nih.gov/books/NBK27101/

 Khadra, A., Santamaria, P., and Edelstein-Keshet, L. (2009). The role of low avidity T cells in the protection against type 1 diabetes: a modeling investigation. J. Theor. Biol. 256, 126–141. doi: 10.1016/j.jtbi.2008.09.019

 King, C., and Sarvetnick, N. (2011). The incidence of type-1 diabetes in NOD mice is modulated by restricted flora not germ-free conditions. PLoS ONE 6:e17409. doi: 10.1371/journal.pone.0017049

 Krishnamurthy, B., Dudek, N. L., McKenzie, M. D., Purcell, A. W., Brooks, A. G., Gellert, S., et al. (2006). Responses against islet antigens in NOD mice are prevented by tolerance to proinsulin but not IGRP. J. Clin. Investigat. 116, 3258–3265. doi: 10.1172/JCI29602

 Li, A., Chen, J., Hattori, M., Franco, E., Zuppan, C., Ojogho, O., et al. (2010). A therapeutic dna vaccination strategy for autoimmunity and transplantation. Vaccine 28, 1897–1904. doi: 10.1016/j.vaccine.2009.10.090

 Li, A., and Escher, A. (2013). “Chapter 21: DNA immunotherapies for type 1 diabetes,” in Type 1 Diabetes, eds A. P. Escher and A. Li (Rijeka: InTech), 533–561.

 Ludewig, B., Krebs, P., Junt, T., Metters, H., Ford, N. J., Anderson, R. M., et al. (2004). Determining control parameters for dendritic cell-cytotoxic T lymphocyte interaction. Eur. J. Immunol. 34, 2407–2418. doi: 10.1002/eji.200425085

 Machen, J., Harnaha, J., Lakomy, R., Styche, A., Trucco, M., and Giannoukakis, N. (2004). Antisense oligonucleotides down-regulating costimulation confer diabetes-preventive properties to nonobese diabetic mouse dendritic cells. J. Immunol. 173, 4331–4341. doi: 10.4049/jimmunol.173.7.4331

 Mackern-Oberti, J. P., Llanos, C., Vega, F., Salazar-Onfray, F., Riedel, C. A., Bueno, S. M., et al. (2015). Role of dendritic cells in the initiation, progress and modulation of systemic autoimmune diseases. Autoimmun. Rev. 14, 127–139. doi: 10.1016/j.autrev.2014.10.010

 Magombedze, G., Nduru, P., Bhunu, C. P., and Mushayabasa, S. (2010). Mathematical modelling of immune regulation of type 1 diabetes. Biosystems 102, 88–98. doi: 10.1016/j.biosystems.2010.07.018

 Mahaffy, J. M., and Edelstein-Keshet, L. (2007). Modeling cyclic waves of circulating T cells in autoimmune diabetes. SIAM J. Appl. Math. 67, 915–937. doi: 10.1137/060661144

 Maree, A. F., Komba, M., Dyck, C., Labecki, M., Finegood, D. T., and Edelstein-Keshet, L. (2005). Quantifying macrophage defects in type 1 diabetes. J. Theor. Biol. 233, 533–551. doi: 10.1016/j.jtbi.2004.10.030

 Marée, A. F., Kublik, R., Finegood, D. T., and Edelstein-Keshet, L. (2006). Modelling the onset of type 1 diabetes: can impaired macrophage phagocytosis make the difference between health and disease? Philos. Trans. R. Soc. Lond. A Math. Phys. Engi. Sci. 364, 1267–1282. doi: 10.1098/rsta.2006.1769

 Moore, J. (2015). Mathematical modeling of autoimmune disease. (dissertation). University of Utah, Salt Lake City, UT, United States.

 Moore, J. R., and Adler, F. (2016). A mathematical model of T1D acceleration and delay by viral infection. Bull. Math. Biol. 78, 500–530. doi: 10.1007/s11538-016-0152-6

 Nelson, P., Smith, N., Ciupe, S., Zou, W., Omenn, G. S., and Pietropaolo, M. (2009). Modeling dynamic fluctuations in type 1 diabetes progression: quantifying β-cell variation after the appearance of islet-specific autoimmune responses. Math. Biosci. Eng. 6, 753–778. doi: 10.3934/mbe.2009.6.753

 Nerup, J., Mandrap-Poulsen, T., Helqvist, S., Andersen, H. U., Pociot, F., Reimers, J. I., et al. (1994). On the pathogenesis of IDDM. Diabetologia 37, S82–S89. doi: 10.1007/BF00400830

 O'Brien, B. A., Huang, Y., Geng, X., Dutz, J. P., and Finegood, D. T. (2002). Phagocytosis of apoptotic cells by macrophages from NOD mice is reduced. Diabetes 51, 2481–2488. doi: 10.2337/diabetes.51.8.2481

 Palucka, K., and Banchereau, J. (2013). Dendritic cell based therepeutic cancer vaccines. Immunity 39, 38–48. doi: 10.1016/j.immuni.2013.07.004

 Paredes, J. L., Orabi, A. I., Ahmad, T., Benbourenane, I., Tobita, K., Tadros, S., et al. (2014). A non-invasive method of quantifying pancreatic volume in mice using micro-MRI. PLoS ONE 9:e92263. doi: 10.1371/journal.pone.0092263

 Price, J. D., and Tarbell, K. V. (2015). The role of dendritic cell subsets and innate immunity in the pathogenesis of type 1 diabetes and other autoimmune diseases. Front. Immunol. 6:288. doi: 10.3389/fimmu.2015.00288

 Ronchese, F., and Hermans, I. F. (2001). Killing of dendritic cells. J. Exp. Med. 194, F23–F26. doi: 10.1084/jem.194.5.F23

 Ruffner, M. A., and Robbins, P. D. (2010). Dendritic cells transduced to express interleukin 4 reduce diabetes onset in both normoglycemic and prediabetic nonobese diabetic mice. PLoS ONE 5:e11848. doi: 10.1371/journal.pone.0011848

 Sakaguchi, S., Yamaguchi, T., Nomura, T., and Ono, M. (2008). Regulatory T cells and immune tolerance. Cell 133, 775–787. doi: 10.1016/j.cell.2008.05.009

 Shoda, L., Kreuwel, H., Gadkar, K., Zheng, Y., Whiting, C., Atkinson, M., et al. (2010). The type 1 diabetes physioLab platform: a validated physiologically based mathematical model of pathogenesis in the non-obese diabetic mouse. Clin. Exp. Immunol. 6, 250–267. doi: 10.1111/j.1365-2249.2010.04166.x

 Steinman, R. (1991). The dendritic cell system and its role in immunogenicity. Annu. Rev. Immunol. 9, 271–296. doi: 10.1146/annurev.iy.09.040191.001415

 Steinman, R. (2012). Decisions about dendritic cells: past, present, and future. Annu. Rev. Immunol. 30, 1–22. doi: 10.1146/annurev-immunol-100311-102839

 Steinman, R., Hawiger, D., and Nussenzweig, M. (2003). Tolerogenic dendritic cells. Annu. Rev. Immunol. 21, 685–711. doi: 10.1146/annurev.immunol.21.120601.141040

 Steinman, R., Turley, S., Mellman, I., and Inaba, K. (2000). The induction of tolerance by dendritic cells that have captured apoptotic cells. J. Exp. Med. 191, 411–416. doi: 10.1084/jem.191.3.411

 Tang, Q., Adams, J. Y., Penaranda, C., Melli, K., Piaggio, E., Sgouroudis, E., et al. (2008). Central role of a defective interleukin-2 production in triggering islet autoimmune destruction. Immunity 28, 687–697. doi: 10.1016/j.immuni.2008.03.016

 The Jackson Laboratory (2019). Mouse Strain Datasheet - 001976. JAX stock number 001976.

 Topp, B., Promislow, K., Devries, G., Miura, R. M., and T Finegood, D. (2000). A model of β-cell mass, insulin, and glucose kinetics: pathways to diabetes. J. Theor. Biol. 206, 605–619. doi: 10.1006/jtbi.2000.2150

 Trudeau, J. D., Dutz, J. P., Arany, E., Hill, D. J., Fieldus, W. E., and Finegood, D. T. (2000). Neonatal beta-cell apoptosis: a trigger for autoimmune diabetes? Diabetes 49, 1–7. doi: 10.2337/diabetes.49.1.1

 Trudeau, J. D., Kelly-Smith, C., Verchere, C. B., Elliott, J. F., Dutz, J. P., Finegood, D. T., et al. (2003). Prediction of spontaneous autoimmune diabetes in NOD mice by quantification of autoreactive t cells in peripheral blood. J. Clin. Invest. 111, 217–223. doi: 10.1172/JCI200316409

 Varela-Calvino, R., Calviño-Sampedro, C., Gómez-Touriño, I., and Cordero, O. J. (2017). Apportioning blame: autoreactive CD4+ and CD8+ T cells in type 1 diabetes. Arch. Immunol. Ther. Exp. 65, 275–284. doi: 10.1007/s00005-016-0452-4

 Wedgwood, K. C. A., Richardson, S. J., Morgan, N. G., and Tsaneva-Atanasova, K. (2016). Spatiotemporal dynamics of insulitis in human type 1 diabetes. Front. Physiol. 7:633. doi: 10.3389/fphys.2016.00633

 Wodarz, D. (2007). Modeling T cell responses to antigenic challenge. J. Pharmacokinet. Pharmacodyn. 41, 415–429. doi: 10.1007/s10928-014-9387-8

 Yang, J., Huck, S. P., McHugh, R. S., Hermans, I. F., and Ronchese, F. (2006). Perforin-dependent elimination of dendritic cells regulates the expansion of antigen-specific CD8+ T cells in vivo. Proc. Natl. Acad. Sci. U.S.A. 103, 147–152. doi: 10.1073/pnas.0509054103

Conflict of Interest Statement: SS and LE have financial interest in Aditx Therapeutics, a biotech company engaged in development of nucleic-acid-based products for induction of immune tolerance.
 
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Shtylla, Gee, Do, Shabahang, Eldevik and de Pillis. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/math_21.gif
20
e

fo = fuas - = 549 x 1072 yg, (@)





OPS/images/math_20.gif
(20)






OPS/images/math_3.gif
B = asKi(G)B — 83B— nd0Kx(ERB— W(RD.  (3)





OPS/images/math_22.gif
(@)






OPS/images/math_18.gif
8)





OPS/images/math_17.gif
7)





OPS/images/math_2.gif
(MBq + fyeMBy — kMa — exMa(M + M,

@)





OPS/images/math_19.gif





OPS/images/cover.jpg
, frontiers
in Physiology

A Mathematical Model for DC
Vaccine Treatment of Type I
Diabetes







OPS/images/math_15.gif
Bl

g (Taie = R) + by

— ugER,

DR
+D

— ranR + bRtDEm

(15)






OPS/images/math_14.gif
DE
ar (Tve — E) + by,

T oD Tk + biDEm — kR

(14)






OPS/images/math_16.gif
= — ram(E+ R) — (atm + biD + bytD)Em. (16





OPS/images/logo.jpg
, frontiers
in Physiology





OPS/images/math_11.gif
a
1= o1Ky(G.G)B — &1l an





OPS/images/math_10.gif
a
G =Ro— (Go +Si1)G. (10)





OPS/images/math_13.gif
71D = fioBa(Dss = D — tD) — fipBatD — bixRiD = uptD.

(13)





OPS/images/math_12.gif
%D:ﬂnﬂn(ﬂ;7thu)+me.tD—b.,EED7,.,,p

(12)





OPS/images/inline_7.gif
Fre €[0.062,3.1]x 107





OPS/images/math_1.gif
M =T+ (k4 D)Mo — M — fMBq — By

e MM + M)

(1)





OPS/images/inline_8.gif
Fre €12%10%, £, €3.1x10°





OPS/images/inline_4.gif
Cpme





OPS/images/inline_3.gif





OPS/images/inline_6.gif
Fra €10.062,1.2]%10%





OPS/images/inline_5.gif
B(t) > P(-e™)





OPS/images/fphys-10-01107-t001.jpg
Variable name Units Meaning

c cells mi=" Apoptotic cell population
Pe cells mi=1 Phagocytic cell population
M cells mi~! Macrophage population
D cells mi~1 Mature DC population

D cells mi=! Immature DC population






OPS/images/fphys-10-01107-g012.gif





OPS/images/inline_2.gif
7l (&)





OPS/images/inline_1.gif





OPS/images/fphys-10-01107-g011.gif





OPS/images/fphys-10-01107-g010.gif





OPS/images/crossmark.jpg
©

2

i

|





OPS/images/fphys-10-01107-g005.gif





OPS/images/fphys-10-01107-g006.gif





OPS/images/fphys-10-01107-g003.gif





OPS/images/math_6.gif





OPS/images/fphys-10-01107-g004.gif





OPS/images/fphys-10-01107-g009.gif





OPS/images/fphys-10-01107-g007.gif





OPS/images/fphys-10-01107-g008.gif





OPS/images/fphys-10-01107-g001.gif





OPS/images/math_8.gif
%B. =ByB+ AOK(ERB+ W(B.0) — dB, — fuMBs  (8)
_ fot MaBa — fin(Ds — D)Ba — foDBs





OPS/images/fphys-10-01107-g002.gif





OPS/images/math_7.gif





OPS/images/math_9.gif
a
7 Bn =dBa — fuMBn — fit, MaBn — fin(Dss — D)Bn — foDBr.
)





OPS/images/math_5.gif
(seE)”
T 1+ GeE2 + GaRE

©)





OPS/images/math_4.gif
Ki(G.Gre) =

&

e

@





