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Abstract

We propose an agent-based model for the simulation of the autoimmune response in T1D.
The model incorporates cell behavior from various rules derived from the current literature
and is implemented on a high-performance computing system, which enables the simulation
of a significant portion of the islets in the mouse pancreas. Simulation results indicate that
the model is able to capture the trends that emerge during the progression of the autoimmu-
nity. The multi-scale nature of the model enables definition of rules or equations that govern
cellular or sub-cellular level phenomena and observation of the outcomes at the tissue
scale. It is expected that such a model would facilitate in vivo clinical studies through rapid
testing of hypotheses and planning of future experiments by providing insight into disease
progression at different scales, some of which may not be obtained easily in clinical studies.
Furthermore, the modular structure of the model simplifies tasks such as the addition of new
cell types, and the definition or modification of different behaviors of the environment and
the cells with ease.

Introduction

Type 1 diabetes (T1D) is an autoimmune disease, in which the insulin-producing Beta cells in
the pancreas are destroyed by the immune system, typically leading to complete insulin defi-
ciency [1]. Although T1D is considered to constitute 5-10% of all cases of diabetes [2], its
incidence was reported to have increased significantly in the past few decades [3], especially
in children under five [4]. While there has been continuous efforts toward the elucidation of
the biological mechanisms involved in disease pathogenesis and the optimization of treat-
ment options, the required resources and time for the clinical testing limit the number of
studies.

Computational modeling is a powerful tool for assessing the feasibility of potential inter-
ventions and therapies, as well as hypothesis testing. In silico experiments can be performed
quickly and cost-effectively under a wide variety of conditions, and the results can be used to
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plan in vivo or in vitro clinical studies. Depending on the structure of the model, it is also possi-
ble to investigate the causality between certain events or behavior of certain components
within the system.

Many models with specific goals have been proposed for T1D, and recent reviews were
provided by Ajmera et al. [5], and Jaberi-Douraki et al. [6]. While the majority of modeling
efforts focus on glucose-insulin homeostasis, a number of studies focus on modeling the auto-
immune response in T1D. Freiesleben De Blasio et al. [7] proposed an ordinary differential
equation (ODE) based model, commonly known as the Copernhagen model, which depicted
the interplay between T cells, macrophages and antigens. Although the goal of this model was
to predict T1D qualitatively through stability analysis, it was revised later by Marée et al. [8]
for quantitative predictions on non-obese diabetic (NOD) and control (Balb/c) mice. Later,
Shoda et al. [9] developed a highly complex model of T1D in NOD mice, PhysioLab®™, based
on algebraic and ordinary differential equations representing different compartments in the
body. This detailed model, which included over 300 ODEs and over 1000 parameters and
algebraic equations, was mainly aimed towards drug candidate trials [9]. Additionally, there
have been mathematical modeling studies that focused on immune cell populations [10-12]
and immune cell cycles [13]. Lastly, there have been modeling efforts that utilized other meth-
ods such as agent-based modeling (ABM) to study T1D [14, 15]. These studies were geared
toward studying the interplay between macrophages and Beta cells, and did not include T
cells. More recently, Wedgwood et al. [16] developed an agent-based model of human insuli-
tis that included T cells and B cells in addition to the Beta cells. The model considered a single
islet composed of Beta cells and the islet basement membrane, and investigated the time
course of insulitis progression by varying model parameters such as B and T cell counts in the
inflammatory infiltrate.

The agent-based model we present considers NOD mouse insulitis in a tissue section com-
posed of islets of varying sizes, CD8+ T cells with naive, effector and memory functions, and
Beta cell regeneration. The model is composed of components such as simulation space(s), dif-
ferent agents representing different cell types, literature-derived rules that define cell-cell and
cell-environment interactions, and parameter values specific to each component. Such a mod-
ular framework makes tasks such as the expansion of the model by addition of new cell types,
or modification/introduction of new rules based on recent literature, a straightforward task
that does not compromise model integrity. Mainly, the proposed model has two distinguishing
features. First, the model provides mechanistic insight into the progression of T1D and
dynamic prediction of the spread of inflammation. Insulitis is a spatially heterogeneous pro-
cess which can be effectively replicated by an agent-based approach. Secondly, the model was
built on a high-performance computing (HPC) framework, which enables simulations ranging
from a small section of pancreatic tissue that can be performed on a personal computer to a
significant portion of the mouse pancreas involving several millions of cells that can be carried
out on a supercomputer. The model, which operates at a moderate complexity, aims to provide
predictions that are accurate enough to guide clinicians in planning of experiments and
hypothesis testing with reduced cost and time, in addition to allowing the modification, expan-
sion and calibration against clinical data.

In the following sections, we first give an introduction to ABM, a versatile tool for multi-
scale modeling. Next, we describe the model structure, as well as the components used in the
model with pertinent references. In Section 3, we present simulation results under a variety of
conditions and discuss the findings. Finally, we conclude our findings in Section 4 and discuss
future research directions.
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Agent-based modeling

Most living systems are made up of several components and subsystems (organs, cells, organ-
elles, etc.), the number of which can vary from just a few to several trillions [17]. Various
types of interactions between these components lead to the complex behavior of the overall
system that is usually observed at a higher spatial and/or temporal scale than that of the com-
ponents. This complex behavior is more precisely referred to as the emergent behavior within
the scope of complexity science, which often cannot be inferred by merely analyzing individ-
ual components.

Agent-based modeling is a modeling paradigm where the components of the system
of interest are represented by agents—autonomous software fragments. Similar to the
actual system, the agents can interact with the environment and other agents to replicate
the emergent behavior. The advantages of multi-scale ABM include modularity and
the ability to observe events at multiple scales (e.g. cellular or tissue level), which elucidates
potential pathways leading to the emergent behavior. Based on whether the emergent behav-
ior is one that is to be avoided (such as the autoimmune response in T1D), or one that
is preferred, potential interventions to the system can be devised to achieve the desired
outcome.

Use of ABM has expanded in the last few decades, and it has become a popular tool in
many disciplines including social sciences, business, economics, technology and network the-
ory. More recently, ABM gained popularity in biological sciences. Some examples of applica-
tion include bone tissue engineering [18, 19], angiogenesis [20-23], breast cancer research [24,
25], and immune system modeling [26-28].

Model structure and components

The model was developed on the Repast High-Performance Computing (HPC) toolkit [29],
which provides a convenient parallel programming environment to develop ABMs. This
allows the model to be run on supercomputers, potentially enabling the simulation of the
whole mouse pancreas (~ 3000 islets [30, 31]), or a significant portion of the human pancreas
(~ 3.2 million islets [32]).

The results presented in the following sections were obtained by simulating a 200 x 200
grid 2-dimensional (2D) tissue section, where each grid location represents a 10 x 10 ym tis-
sue section. Although the model represents a slice of the actual pancreatic tissue, we assume
that the interactions within the vicinity of the simulated slice would be very similar and
therefore expect the 2-dimensional simulation outcomes to be fairly close to those that would
be obtained from a 3D representation. Also, the time resolution of the model was chosen to
be 1 minute, which allows sufficient time for cellular and sub-cellular event dynamics to
evolve.

The simulations were conducted considering non-obese diabetic (NOD) mice, one of the
widely-used animal models [33, 34]. For NOD mice at approximately three weeks of age, den-
dritic cells (DCs) and macrophages are reported to infiltrate the pancreatic tissue, followed
shortly by the recruitment of CD8" T cells [33, 35]. Since the model focuses on the direct inter-
action between CD8" T cells and the islets, the simulations were assumed to start at 4 weeks of
age and lasted for 10 weeks (14 weeks of age) [1, 36]. It is assumed that, by 4 weeks of age, the
initiation of immune response by the DCs and macrophages has reached a level where CD8" T
cells are present in the pancreatic tissue, and that the majority of interactions take place
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between the islets and the CD8" T cells. A general description of T cell/Beta cell interactions
and governing rules can be found in S1 Fig.

CDS8" cells

Insulitis occurs as a result of the recruitment of CD4* and CD8" T cells from the peripheral cir-
culation, as well as the proliferation of already recruited cells [37]. During this process, naive
CD8" T cells differentiate into effector T cells (Teg), which can then kill Beta cells through the
perforin-granzyme pathway [38-40].

There are 3 subsets of CD8" T cells considered in our work: naive, effector and memory
CD8" T cells. In the simulations, the effector CD8" T cells are produced either through differ-
entiation from naive T cells or proliferation of effector T cells. This is based on the activation
of naive CD8" T cells through antigen presentation by islet cells (via major histocompatibility
complex (MHC) class I), or by other immune cells such as dendritic cells and macrophages
(via MHC class II) [41]. Here we assume that the activation of naive CD8" T cells (which is
known to take place in lymph nodes by antigen presenting cells) can also happen in the pan-
creatic tissue based on recent clinical studies [38]. Therefore, we assume that T cells can recog-
nize Beta cells and act (i.e. become activated, engage, or differentiate) accordingly, based upon
contact of the T cell receptor (TCR) and the MHC class I, which is typically located on the sur-
face of Beta cells [6]. Similarly, memory T cells are produced through differentiation from
effector T cell parents. The memory T cells can acquire effector function upon coming into
contact with their cognate antigen.

The migration rate of CD8" T cells into the pancreas from the pancreatic lymph node
(PLN) was taken as 1.7% per day based on the population dynamics study of islet infiltrating
cells carried out by Magnuson et al. [38]. Furthermore, intravital two-photon imaging studies
conducted on mice demonstrated that the T cells moved autonomously and independently
within the pancreatic tissue, suggesting a random walk behavior rather than collective migra-
tion induced by chemotactic gradients [42, 43]. In the light of these studies, the movement of
CD8" T cells was modeled as random walk with a persistence time of 1 to 4 minutes and a
movement speed of 10 um/min [43].

The lifespan of naive T cells was chosen to be 8 weeks [44]. Although there does not seem
to be a consensus on the lifespan of effector CD8" T cells, most studies on mice and humans
suggest a lifespan of 5-8 days [45, 46]. Therefore, the lifespan of effector CD8" T cells was cho-
sen to be 6 days. In the case of memory CD8" T cells, the lifespan was reported to be between 6
months to 1 year in mice [47] and was set to be 6 months in the simulations.

Although the different subsets of T cells in the simulation have different lifetimes, all T cell
types can disappear from the simulation by moving beyond the boundaries of the simulated
tissue, in which case they are assumed to have migrated to the neighboring tissue sections.
Similarly, new T cells can appear near the boundaries to mimic the incoming migration of T
cells from the surrounding tissue sections.

T cell proliferation rules were implemented based on the findings of Kinjyo et al. [48] (Fig
1). According to this study, naive T cells enter a fast cell cycle upon contact with cognate anti-
gen (i.e. Beta cells). This event is followed by fast proliferation of the naive T cells and starting
from the 8th generation, the progeny has a 20% probability of differentiating into a memory T
cell. Memory T cells have two subpopulations consisting of effector memory T cells, which
exert rapid effector function, and central memory T cells, which lack immediate effector func-
tion and requires re-stimulation [49]. Since effector memory T cells display a similar function
as the effector T cells, the model considers only the central memory T cells under the memory
T cell designation.
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Fig 1. T cell proliferation process in the model. Here, p denotes percent probability. Rules were adapted from Kinjyo et al. [48].

https://doi.org/10.1371/journal.pone.0190349.9001

Overall, T cell behavior in the model can be summarized as below:
o Al T cell types exhibit random walk
o Naive T cells enter the cell cycle shown in Fig 1 upon contact with Beta cells.

o Effector T cells form a conjugate with up to two Beta cells upon contact, and kill with a 55%
probability

o Memory T cells acquire effector function upon contact with its cognate antigen, i.e. Beta
cells

The effector T cells in the model can conjugate with up to two targets simultaneously, as
previously suggested by other modeling [50, 51] and experimental [52] studies. This model
rule allows the targeting of a Beta cell by multiple T cells. When a conjugate is formed between
a Beta cell and an effector T cell, the target has 55% probability of being destroyed, which was
set based on experimental studies of Wiedemann et al. [52]. Since the conjugate can be pre-
served for a much longer period (1 to 2 hours, taken as 90 minutes in the model) in contrast to
the time it takes to kill the target cell (several minutes) [42, 52], target cell death was assumed
to take place upon conjugate formation. Also, effector T cells are assumed to avoid target selec-
tion during the time spent in the conjugate form.

Beta cells

Beta cells trigger activation in naive T cells, and they can be recognized by all subsets of the T
cell population in the simulation. The diameter of Beta cells was set as 10 um [53] and a single
cell was assumed to occupy a single grid (i.e. 10 ym x 10 um). Also, insulin secretion from Beta
cells was not considered.

Lately, there have been studies that suggest the presence of a residual pool of Beta cells in
people with long-standing T1D, concomitant with the continual regeneration and subsequent
destruction of Beta cells [31, 54-56]. Although Beta cell regeneration during T1D is still con-
troversial, modeling is a strong tool to test this hypothesis, and therefore a parameter for Beta
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cell regeneration was incorporated into the model. Depending on the value of this parameter,
Beta cells can start to proliferate at a set rate (as specified by the simulated scenario) upon
encountering the autoimmune attack.

The rules for Beta cells can be summarized as follows:

« Proliferate at a set rate under immune attack (if Beta cell proliferation is enabled)

» Recognized by all T cell types and trigger proliferation or differentiation in T cells

Basement membrane

Basement membrane is a key structure around the islets, which serves to prevent cell migration
into the islet. Consequently, its destruction during the onset of the autoimmunity is a critical
event that determines the fate of the islet. Some studies in the literature point towards reduced
or delayed incidence of T1D through inhibition of enzymes such as heparanese, which degrade
heparan sulfate, a key component of the basement membrane [57, 58].

Based on its role, the basement membranes for individual islets were also incorporated into
the model. The basement membrane is represented by local values surrounding the islets, ini-
tially set to a predetermined value. This value is considered to be the same on all locations
around the islet, initially. Over time, local values are gradually reduced by effector T cells, lead-
ing to the formation of openings in the basement membrane. Eventually, this allows the inva-
sion of the islet by all T cell types and typically triggers a wave of proliferation in T cells. The
representation of the basement membrane by an arbitrary and uniform initial value allows the
calibration of the model against clinical data. Furthermore, this arrangement provides flexibil-
ity for simulating scenarios where basement membrane destruction is delayed through inhibi-
tion of degradative enzymes [57, 58]. Lastly, we do not consider the regeneration of the
basement membrane as we assume the autoimmune response to be severe enough to prevent
any regeneration.

Opverall, the basement membrane is governed by the following rules:

o Constitute a barrier between all T cell types and the Beta cells

« Represented by local, arbitrary values around the islet, which are decreased by the effector T
cells in the vicinity

« Repair of the membrane was not considered

Results

Each scenario with a specific set of parameter values was analyzed by performing 100 repeated
simulations with stochastic variations in T cell motility, cell cycle duration, and differentiation
and target killing probabilities. The primary purpose here is to depict the capabilities of the
model to replicate the innate behavior of the pancreatic tissue environment and the immune
system components. At the same time, a potential target for the model is scenarios where this
behavior is manipulated to evaluate the outcome of certain therapies, which may involve inter-
ventions such as autoimmune suppression and other therapies that may change the structural
properties of the islets. Consequently, we have included a number of simulations where the
system parameters are chosen above or below their expected values. Table 1 shows the model
parameters, their units and the corresponding range considered in this study. Many parameter
values were picked to represent either extreme of the potential values and mainly to verify

that the model followed expected/reasonable trends. For Beta cell regeneration rate, we have
observed that any value higher than 5% per day lead to an unrealistic replication behavior in
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Table 1. Model parameters, units and the ranges considered in the simulations.

Model Parameter

Basement membrane strength

Islet density

Islet diameter
Initial T cell count

Beta cell regeneration rate

Units Range
min area”" cell™ 1440-20160
% of tissue area low (0.7-3.1)

medium (2.9-5.2)

high (4.2-7.7)

um 100-160
- 3-27
% 0-5

https://doi.org/10.1371/journal.pone.0190349.t001

Reference

N/A (arbitrary value)
(59]

x| o
S | & (=

the Beta cells (their population may increase to several times the initial value quickly. Such
excessive replication is not reported in the literature). Also, values that were between 0 and 5%
per day seemed not to impact simulation results as much to be included in the paper.

An example simulation output (Fig 2) shows the variation in the number of all cell types
over a 10 week period. Snapshots of the simulation taken at points A, B, C and D on Fig 2 can
be seen in Fig 3. In this example, basement membrane strength was set to 20160, the islet
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Fig 2. An example simulation output for a scenario where the basement membrane strength was set to 20160, Beta cell proliferation was 5%
per day, islet density was medium and the initial T cell count was 3 with a 2:1 effector:naive T cell ratio. Labeled arrows show (A) t = 5 days (B)
t =8 days (C) t = 18 days (D) t = 26 days. Insets show the first 7 days. Note that t = 0 days corresponds to 4 weeks of age of the mouse.

https://doi.org/10.1371/journal.pone.0190349.9002
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Fig 3. State of the simulation at the labeled arrows shown in Fig 2. Each tick on the x and y axes corresponds to 10 ym. The basement
membrane strength was set to 20160, Beta cell proliferation was 5% per day, islet density was medium and the initial T cell count was 3 with a
2:1 effector:naive T cell ratio. (A) t = 5 days, (B) t = 8 days (C) t = 18 days (D) t = 26 days. Note that t = 0 days corresponds to 4 weeks of age
of the mouse. Color bar shows the intactness of the basement membrane. Beta cells are shown as green circles within the islets, while T cells
can be seen as diamonds (0, naive T cells), squares (o, effector T cells), and asterisks (*, memory T cells) outside the islets.

https://doi.org/10.1371/journal.pone.0190349.9003

density was 4.1% (medium density), initial number of T cells was 3 with 2 effector and 1 naive
T cell, and the Beta cell regeneration rate was 5% per day.

The layer around the islets represents the basement membrane, where the color indicates
current intactness. Also, Beta cells are shown as green circles within the islets, while T cells are
indicated as diamonds (¢, naive T cells), squares (o, effector T cells), and asterisks (*, memory
T cells) outside the islets.

In Fig 2, no change in cell numbers is observed until day 5, which corresponds to the period
of target search and dissolution of the basement membrane by the T cells. Starting from day 5,
shown by point A in Fig 2 and in Fig 3a, an increase in Beta cells can be observed upon contact
with the infiltrating effector T cells. Also, the number of effector T cells starts to increase in
response to the increased Beta cell proliferation. This is essentially a consequence of increased
probability of encountering a Beta cell in the vicinity due to the increasing population.

By day 8, the Beta cell population is reaching its peak (Fig 2 point B and Fig 3b), which has
induced further increase in the T cell population. At this point, an islet that has grown over its
original size due to regeneration appears in the upper right corner of Fig 3b. We also see the
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appearance of memory T cells in the tissue for the first time around day 9, which have a stable
population until around day 13.

Following the increased Beta cell population, the T cell population has a dramatic increase
after day 10, which leads to almost complete destruction of the islets by day 20 (Fig 2 point C
and Fig 3c). At this point, the memory and naive T cell populations are at a considerable
level, which mediate the rapid immune response toward the remaining islets. In Fig 3¢, only
the islet in the center remains along with residual small parts of other islets, which are
completely engulfed by the T cells, and the Beta cells have been outnumbered. By day 20, all
islet tissue has been destroyed except for a few (~4) Beta cells and the T cells start to leave
the tissue rapidly. This gives the few surviving Beta cells a window of opportunity for regen-
eration, which leads to the formation of a group of Beta cells at a very slow rate (Fig 2 point
D and Fig 3d).

As a result of the randomized processes in the model, the time course of the events would
show a certain amount of variability from one simulation to the other. Therefore, there would
be cases where the complete destruction of the islets takes a longer or shorter period of time.
Consequently, we have performed 100 simulations for any given scenario in order to make a
judgement on the fate of the islets. For the repeated simulations, we have observed that the dis-
tribution of data at a given time point was far from normal. We use box and whisker plots to
describe the dynamics of the autoimmune response. In the box plots given in the following sec-
tions, the top and the bottom of the boxes correspond to the third and first quartiles, respec-
tively, whereas the median is marked by the circle on the boxes. The whiskers indicate the
minimum and maximum cell counts that are not outliers for the given time point.

Effect of basement membrane strength

In order to test the effect of basement membrane strength on the progression and intensity
of the autoimmune attack, we have performed simulations with the basement membrane
strength set to 1440, 10080 and 20160. The Beta cell regeneration was set at 5% per day, islet
density was medium, and there were three T cells initially. Results for the scenario where
basement membrane strength was set to 20160 are shown in Fig 4a for the hundred simula-
tions performed, including the one presented in Figs 2 and 3. In this case, the median Beta
cell count barely increases in the first 15 days, while there is an increase in the maximum
Beta cell count that indicates increased regeneration. Starting around day 12, however, the
number of simulations with decreased Beta cell counts are more common, despite the stable
median. This trend continues until day 20, after which the median Beta cell count also starts
decreasing.

As expected, the T cell response coincides with the time period where Beta cell mass
changes, and two distinct peaks emerge in T cell counts, which is most obvious in effector and
memory T cell populations. Overall, the destruction of the islets occurs within a 2-week period,
most likely to be between either the first and third weeks, or the third and sixth weeks.

To further clarify the trends that relate to the basement membrane strength, scenarios
where the basement membrane strength was set to 10080 and 1440 have been considered in
Figs 4b and 5, respectively. By decreasing the basement membrane strength to half of its value
in Fig 4a, the inflammation period is reduced to about a week (from day 6 to day 15) (Fig 4b).
In addition, given the weaker basement membrane, the infiltration of the effector T cells can
start as early as day 6. A notable difference in Fig 4b is in the T cell population. The peak values
of all T cell types are much greater than what is observed in the stronger basement membrane
scenario in Fig 4a. With further decrease of basement membrane strength from 10080 to 1440
(Fig 5), the onset of inflammation retires to the first few days of the simulation.
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included (see S5 and S6 Figs for full figures.). Note that t = 0 days corresponds to 4 weeks of age of the mouse.
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Effect of beta cell regeneration

The presence and extent of Beta cell regeneration is a current topic in diabetes research. In
order to gauge the contribution of Beta cell regeneration to disease progression, we have con-
ducted the same simulations reported in the previous section with no regenerative ability of
the Beta cells. Fig 6 shows the simulation results for the scenario where the basement mem-
brane strength was set to 20160. This scenario corresponds to the one in Fig 4a as all parame-
ters were kept the same with the exception of Beta cell regeneration.

As compared to Fig 4a, the most striking feature of the scenario in Fig 6 is the broader win-
dow of islet destruction, which takes place between days 12 through 55. While the onset of
inflammation is still on day 12 as in Fig 4a, the point where median initial Beta cell count is
halved has shifted from day ~ 23 in Fig 4a to day ~ 32 in Fig 6. Also, the T cell response is sev-
eral folds less severe than in Fig 4a.

Table 2 indicates that, as the basement membrane strength decreases, the role of Beta cell
regeneration in the inflammation becomes less apparent. Although, there is a clear difference
in the inflammation window as well as the time point where median Beta cell count is half of
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its initial value when the basement membrane is strong (BM = 20160), the difference is dimin-
ished at the moderate basement membrane strength (BM = 10080), and eventually disappears
at very low basement membrane strength (BM = 1440).

Effect of initial T cell population

The simulation results given in previous sections have included an initial T cell population of
3, with a ratio of 2 effector T cells to 1 naive T cell based on the reported data in the literature
[38]. However, the initial T cell number may be higher, especially in cases where the effector T
cells cannot be contained sufficiently by the regulatory T cells [61]. Keeping the initial ratio of
effector to naive T cells the same, we have performed simulations with 3, 9 and 27 initial T
cells to observe the effect on the progression of autoimmunity. For these simulations the Beta
cell regeneration rate was 5% per day, islet density was medium, and the basement membrane
strength was set to 20160.

Despite the seemingly small increase in the initial T cell population from 3 (Fig 4a) to 9 (Fig
7), there is a dramatic reduction in the inflammation period. With the increase in initial T cell
count, the onset of inflammation occurs earlier at around day 6 and lasts until around day 20.
Additionally, the T cell response occurs within a shorter time period at a higher level in Fig 7.
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In this case, the median Beta cell count falls to 50% of its initial value around day 12, which is
significantly lower than the case in Fig 4a (day 23). A further increase in the initial T cell popu-
lation to 27 brings the first immune response time to an even earlier point at around day 4
(Table 3), which lasts until around day 14 (54 Fig). In this case, the initial median Beta cell pop-

ulation is halved by day 8.

Table 2. Comparison of the three basement membrane strength scenarios in the presence or absence of Beta cell regeneration. In all cases, the islet density was
medium and the initial T cell count was 3 with a 2:1 effector:naive T cell ratio.

Basement membrane strength

20160
20160
10080
10080
1440
1440

Beta cell regeneration

Yes
No
Yes
No
Yes
No

https://doi.org/10.1371/journal.pone.0190349.t002

Immune response
days 12 ~ 40
days 12 ~ 55
days 5 ~ 20

days 5 ~ 25

days 0 ~ 7

days 0 ~ 7

50% Beta cell loss
day 23

day 32

day 10

day 14

day 4

day 4
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Effect of islet density

Earlier, we have shown that a larger Beta cell population has a higher chance of inducing a
more severe immune response. Regardless of the presence or absence of Beta cell regeneration,
one would expect a similar impact on disease progression at varying islet densities. Consider-
ing the variation of islet density between different parts of the pancreas, we have performed
simulations at lower and higher islet densities, as denoted on Table 1. While some studies
report islet density in terms of the number of islets within a certain cross-sectional area, [30,
62] others adhere to the islet (or Beta cell) area as a percentage of the investigated tissue area or

Table 3. Comparison of the different initial T cell count scenarios. In these simulations, the basement membrane
strength was set to 20160, Beta cell regeneration was not allowed, and the islet density was medium.
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Initital T cell count Basement membrane strength Immune response 50% Beta cell loss
3 20160 days 12 ~ 40 23
9 20160 days 6 ~ 20 12
27 20160 days 4 ~ 14 8
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islets) islet densities. Here, the basement membrane strength was set to 20160, Beta cell proliferation was 5% per day, and the initial T
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https://doi.org/10.1371/journal.pone.0190349.9008

both metrics [59]. We believe islet area as a percentage of the target tissue area is a more
clear indicator of islet density, and therefore chose to report this metric for the following
simulations.

Fig 8 shows examples of cases with low and high pancreatic islet density. An example of
medium islet density was given in Fig 3a. In the low islet density example (Fig 9a), percentage
of islet area was 2.27% (9 islets), whereas it was 4.10% (12 islets) and 6.35% (15 islets) for the
medium (Fig 4a) and high (Fig 9b) density examples, respectively.

Despite the differences in the Beta cell population in each case, the window of immune
response remains roughly the same in all three scenarios. The main noticeable difference is in
T cell trends, which indicates that the peak inflammation is more likely to take place in the
first few weeks of the simulation at higher islet densities. While there are two time periods
where the inflammation is likely to happen in all three cases, the early immune response (days
10 ~ 25) is clearly more severe than its late counterpart (days 25 ~ 40) in the high islet density
scenario.

Discussion

The ABM developed is useful in investigating the potential approaches to delay the onset of
T1D and in illustrating the effects of Beta cell regeneration. Simulation results indicate that the
basement membrane can play a key role in delaying the onset of the autoimmune response.
This suggests that therapies that focus on strengthening the basement membrane of the islets
(e.g. heparanase inhibition [57, 58]) has the potential to lead to a smaller population of T cells
in the pancreatic tissue, which can be exploited for T1D treatment.

As for the effect of Beta cell regeneration, it appears that the inflammation is much less
severe and takes a longer time when there is no Beta cell regeneration (Fig 6). This may seem
counterintuitive, as one would expect even less longevity from islets without regenerative abil-
ity. On the other hand, these findings are reasonable if one of the common features of autoim-
mune diseases is considered: epitope spreading.

Epitope spreading is the immune response that occurs towards an epitope which is different
than the original one that initiated the immune response. While this is considered a protective
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feature of the immune system, it can contribute to the severity of the autoimmune diseases.
Although the scale of our model does not cover antigens, the increase in Beta cell proliferation
upon immune response increases the chances of unengaged T cells to contact and recognize
other Beta cells. As the Beta cell count increases initially, the T cell population follows suit and
leads to the severe inflammation observed in Fig 4a. In the absence of Beta cell regeneration,
however, the likelihood of Beta cell contact decreases monotonically over time as Beta cell
count decreases, which leads many of the T cells to migrate to neighboring tissues (i.e. leave
the simulation area) or ultimately apoptose. We believe the sequence of these events in the
model is equivalent to the mechanism of epitope spreading through exposure of T cells to dif-
ferent epitopes, therefore allowing our model to predict the expected fate of the pancreatic
tissue under the presence/absence of Beta cell regeneration. Some studies that consider Beta
cell regeneration indicate epitope spreading as a potential mechanism which leads to the
destruction of the islets [61, 63, 64]. A greater body of literature also indicates increased prolif-
eration in response to autoimmune response, rather than increased insulin demand due to
hyperglycemia (e.g. [60, 65, 66]), which further confirms the possible role of epitope spreading
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in accelerated autoimmunity. We show the simulation results for basement membrane
strength values 10080 and 1440 in Table 2, which also provides a comparison against the coun-
terparts of these simulations in the previous section. Results of these simulations can be found
in S2 and S3 Figs.

Based on the comparison of Beta cell regeneration scenarios in Table 2, it seems that there
is a delicate balance between the basement membrane strength and the Beta cell regeneration
rate, which ultimately determines the outcome of a potential inflammation. In the healthy
pancreas, this balance is considered to be maintained by regulatory T cells. However, insuffi-
cient function or amount of these regulatory T cells is considered a leading cause of T1D [67,
68]. In such a case, our model findings, if clinically confirmed, would indicate therapies
aimed toward the improvement of basement membrane strength and control of Beta cell
regeneration alongside immunosuppression to maintain healthy islets in the pre-diabetic
pancreas.

Whether there is increased regeneration of Beta cells or epitope spreading upon autoimmu-
nity, the model lends itself as a tool for predicting the outcomes of different hypotheses qualita-
tively accurately. We believe such capabilities can be further improved with inclusion of more
detailed rules and equations in the model, as well as higher resolution clinical data for the vali-
dation of the model parameters for quantitative predictions.

The more intense and quicker inflammation at higher initial T cell numbers (Fig 7) can be
attributed to the increased probability of encountering a Beta cell due to the larger initial T cell
population. This trend can be further confirmed at even higher initial T cell population scenar-
ios (Table 3 and 54 Fig). Considering the many observations on NOD mice, which indicate a
disease progression period of several weeks, it is reasonable to assume that the initial T cell
population involved in the inflammation to be relatively small.

When the islet density in the scenario shown in Fig 4a is changed to low (Fig 9a) or high
(Fig 9b), the two distinct peaks of inflammation we discussed previously is preserved. Among
the two likely inflammation periods, the earlier one (days 10 ~ 25) is clearly more severe
than its late counterpart (days 25 ~ 40) in the high islet density scenario. This trend can be
explained by considering the larger and more abundant islets in the high density scenario, as
shown in Fig 8b. Upon penetration of the basement membrane, the number of exposed Beta
cells is greater than the low and medium density cases, which is likely to induce a more severe
immune response early on. The fact that the window of immune response remains the same
for different Beta cell counts further verifies that it is the regeneration of exposed Beta cells in
response to an attack that drives the intensity and duration of the inflammation, rather than
their initial population.

Conclusion

We developed a model of the interactions between CD8" T cells and Beta cells, which allows
the observation of temporal variations in the cell populations, as well as the spatial interactions
between individual cells. Beyond mimicking the clinical observation, the agent-based model
has shown promise as a tool for testing various hypotheses in silico, providing capabilities to
save time and resources for the experimental researchers, and facilitate knowledge discovery.
The model predicted the emergence of a phenomena that is similar to epitope spreading,
which illustrates an important advantage of ABM. Despite no explicit effort to include such a
mechanism in the model, an ABM allows the emergence of certain phenomena that is analo-
gous to the actual system under investigation. Modification of key model parameters may
lead to the emergence of better outcomes from the in silico simulations, which would direct
clinicians toward the design of the corresponding therapies. In the example of Beta cell
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regeneration and epitope spreading, this could indicate interventions involving immunosup-
pression along with the control of Beta cell proliferation.

Supporting information

S1 Fig. Summary of interactions between Beta cells and CD8" T cells.
(TIF)

S2 Fig. Simulation results for the scenario with a basement membrane strength of 10080.
Beta cell regeneration was not allowed, islet density was medium and the initial T cell count
was 3 with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of
the mouse.

(TIF)

S3 Fig. Simulation results for the scenario with a basement membrane strength of 1440.
Beta cell regeneration was not allowed, islet density was medium and the initial T cell count
was 3 with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of
the mouse.

(TTF)

S4 Fig. Simulation results for the scenario with a basement membrane strength of 20160.
Beta cell regeneration was 5% per day, islet density was medium and the initial T cell count
was 27 with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age
of the mouse.

(TTF)

S5 Fig. Simulation results for the scenario with a basement membrane strength of 20160.
Beta cell proliferation was 5% per day, islet density was medium and the initial T cell count
was 3 with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of
the mouse.

(TIF)

S6 Fig. Simulation results for the scenario with a basement membrane strength of 10080.
Beta cell proliferation was 5% per day, islet density was medium and the initial T cell count
was 3 with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of
the mouse.

(TIF)

S7 Fig. Simulation results for the scenario with a basement membrane strength of 20160.
Beta cell regeneration was 5% per day, islet density was low and the initial T cell count was 3
with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of the
mouse.

(TIF)

S8 Fig. Simulation results for the scenario with a basement membrane strength of 20160.
Beta cell regeneration was 5% per day, islet density was high and the initial T cell count was 3
with a 2:1 effector:naive T cell ratio. Note that t = 0 days corresponds to 4 weeks of age of the
mouse.

(TIF)

Acknowledgments
This research is partially supported by National Science Foundation (IIS-1125412).

PLOS ONE | https://doi.org/10.1371/journal.pone.0190349 January 10, 2018 17/21


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0190349.s008
https://doi.org/10.1371/journal.pone.0190349

@° PLOS | ONE

Agent-based modeling of the interaction between CD8" T cells and Beta cells in type 1 diabetes

Author Contributions

Conceptualization: Mustafa Cagdas Ozturk, Ali Cinar.
Formal analysis: Mustafa Cagdas Ozturk.

Funding acquisition: Ali Cinar.

Investigation: Mustafa Cagdas Ozturk, Qian Xu.
Methodology: Qian Xu, Ali Cinar.

Software: Qian Xu.

Supervision: Ali Cinar.

Visualization: Qian Xu.

Writing - original draft: Mustafa Cagdas Ozturk.

Writing - review & editing: Ali Cinar.

References

1. Bluestone JA, Herold K, Eisenbarth G. Genetics, pathogenesis and clinical interventions in type 1 dia-
betes. Nature. 2010; 464(7293):1293-300. https://doi.org/10.1038/nature08933 PMID: 20432533

2. Daneman D. Type 1 diabetes. The Lancet. 2006; 367(9513):847—-858. https://doi.org/10.1016/S0140-
6736(06)68341-4

3. DabeleaD. The accelerating epidemic of childhood diabetes. The Lancet. 2009; 373(9680):1999-2000.
https://doi.org/10.1016/S0140-6736(09)60874-6

4. Harjutsalo V, Sjéberg L, Tuomilehto J. Time trends in the incidence of type 1 diabetes in Finnish chil-
dren: a cohort study. The Lancet. 2008; 371(9626):1777—1782. https://doi.org/10.1016/S0140-6736
(08)60765-5

5. Ajmeral, Swat M, Laibe C, Novére NL, Chelliah V. The impact of mathematical modeling on the under-
standing of diabetes and related complications. CPT: Pharmacometrics & Systems Pharmacology.
2013; 2(October 2012):e54.

6. Jaberi-Douraki M, Liu SWS, Pietropaolo M, Khadra A. Autoimmune responses in T1DM: Quantitative
methods to understand onset, progression, and prevention of disease. Pediatric Diabetes. 2014;
15(3):162—174. https://doi.org/10.1111/pedi.12148 PMID: 24827702

7. Freiesleben De Blasio B, Bak P, Pociot F, Karlsen AE, Nerup J. Onset of type 1 diabetes: a dynamical
instability. Diabetes. 1999; 48(9):1677—1685. https://doi.org/10.2337/diabetes.48.9.1677 PMID:
10480594

8. Marée AFM, Kublik R, Finegood DT, Edelstein-Keshet L. Modelling the onset of Type 1 diabetes: can
impaired macrophage phagocytosis make the difference between health and disease? Philosophical
Transactions of the Royal Society A. 2006; 364(1842):1267—1282. https://doi.org/10.1098/rsta.2006.
1769

9. Shodal, Kreuwel H, Gadkar K, Zheng Y, Whiting C, Atkinson M, et al. The Type 1 Diabetes Physio-
Lab?? Platform: A validated physiologically based mathematical model of pathogenesis in the non-
obese diabetic mouse. Clinical and Experimental Immunology. 2010; 161(2):250—267. https://doi.org/
10.1111/j.1365-2249.2010.04166.x PMID: 20491795

10. Khadra A, Santamaria P, Edelstein-Keshet L. The role of low avidity T cells in the protection against
type 1 diabetes: A modeling investigation. Journal of Theoretical Biology. 2009; 256(1):126—141.
https://doi.org/10.1016/}.jtbi.2008.09.019 PMID: 18950644

11. Khadra A, Pietropaolo M, Nepom GT, Sherman A. Investigating the role of T-cell avidity and killing effi-
cacy in relation to type 1 diabetes prediction. PLoS ONE. 2011; 6(5). https://doi.org/10.1371/journal.
pone.0014796 PMID: 21573001

12. Jaberi-Douraki M, Schnell S, Pietropaolo M, Khadra A. Unraveling the contribution of pancreatic beta-
cell suicide in autoimmune type 1 diabetes. Journal of theoretical biology. 2015; 375:77-87. https://doi.
org/10.1016/}.jtbi.2014.05.003 PMID: 24831415

13. Jaberi-Douraki M, Pietropaolo M, Khadra A. Predictive models of type 1 diabetes progression: Under-
standing T-cell cycles and their implications on autoantibody release. PLoS ONE. 2014; 9(4). hitps://
doi.org/10.1371/journal.pone.0093326 PMID: 24705439

PLOS ONE | https://doi.org/10.1371/journal.pone.0190349 January 10, 2018 18/21


https://doi.org/10.1038/nature08933
http://www.ncbi.nlm.nih.gov/pubmed/20432533
https://doi.org/10.1016/S0140-6736(06)68341-4
https://doi.org/10.1016/S0140-6736(06)68341-4
https://doi.org/10.1016/S0140-6736(09)60874-6
https://doi.org/10.1016/S0140-6736(08)60765-5
https://doi.org/10.1016/S0140-6736(08)60765-5
https://doi.org/10.1111/pedi.12148
http://www.ncbi.nlm.nih.gov/pubmed/24827702
https://doi.org/10.2337/diabetes.48.9.1677
http://www.ncbi.nlm.nih.gov/pubmed/10480594
https://doi.org/10.1098/rsta.2006.1769
https://doi.org/10.1098/rsta.2006.1769
https://doi.org/10.1111/j.1365-2249.2010.04166.x
https://doi.org/10.1111/j.1365-2249.2010.04166.x
http://www.ncbi.nlm.nih.gov/pubmed/20491795
https://doi.org/10.1016/j.jtbi.2008.09.019
http://www.ncbi.nlm.nih.gov/pubmed/18950644
https://doi.org/10.1371/journal.pone.0014796
https://doi.org/10.1371/journal.pone.0014796
http://www.ncbi.nlm.nih.gov/pubmed/21573001
https://doi.org/10.1016/j.jtbi.2014.05.003
https://doi.org/10.1016/j.jtbi.2014.05.003
http://www.ncbi.nlm.nih.gov/pubmed/24831415
https://doi.org/10.1371/journal.pone.0093326
https://doi.org/10.1371/journal.pone.0093326
http://www.ncbi.nlm.nih.gov/pubmed/24705439
https://doi.org/10.1371/journal.pone.0190349

@° PLOS | ONE

Agent-based modeling of the interaction between CD8" T cells and Beta cells in type 1 diabetes

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Espinosa IVM, Aguilera EJG, Pérez MEH, Villares R, Garcia JMM. Agent-Based Model of the Endo-
crine Pancreas and Interaction with Innate Immune System. In: Advances in Bioinformatics. vol. 74.
Springer Berlin Heidelberg; 2010. p. 157—164. Available from: http://link.springer.com/10.1007/978-3-
642-13214-8{_}21.

Martinez IV, Hernando ME, Gémez EJ, Villares R, Mellado M. Definition of an agent-based model of the
autoimmune response in Type 1 diabetes. In: 7th Iberian Conference on Information Systems and
Technologies (CISTI2012). Madrid; 2012. p. 1—4. Available from: http://ieeexplore.ieee.org/stamp/
stamp.jsp?tp={&}arnumber=6263126{&}isnumber=6263051.

Wedgwood KCA, Richardson SJ, Morgan NG, Tsaneva-Atanasova K. Spatiotemporal Dynamics of
Insulitis in Human Type 1 Diabetes. Frontiers in Physiology. 2016; 7(December):1-22. https://doi.org/
10.3389/fphys.2016.00633

Bianconi E, Piovesan A, Facchin F, Beraudi A, Casadei R, Frabetti F, et al. An estimation of the number
of cells in the human body. Annals of Human Biology. 2013; 40(6):463-471. https://doi.org/10.3109/
03014460.2013.807878 PMID: 23829164

Murphy JT, Bayrak ES, Ozturk MC, Cinar A. Simulating 3-D Bone Tissue Growth Using Repast HPC:
Initial Simulation Design and Performance Results. In: Roeder T, Frazier P, Szechtman R, Zhou E,
Huschka T, Chick S, editors. The Proceedings of Winter Simulation Conference. Arlington, VA; 2016.
p. 2087—2098.

Mehdizadeh H, Sumo S, Bayrak ES, Brey EM, Cinar A. Three-dimensional modeling of angiogenesis in
porous biomaterial scaffolds. Biomaterials. 2013; 34(12):2875-2887. https://doi.org/10.1016/j.
biomaterials.2012.12.047 PMID: 23357368

Artel A. Agent-Based Techniques in Local, Autonomous and Adaptive Decision-Making [Doctoral Dis-
sertation]. lllinois Institute of Technology; 2010. Available from: http://scholar.google.com/scholar?hl=
en{&}btnG=Search{&}q=intitle:Agent-Based+Techniques+in+Local,+Autonomous+and+Adaptive
+Decision-Making{#}0.

Liu G, Qutub Aa, Vempati P, Mac Gabhann F, Popel AS. Module-based multiscale simulation of angio-
genesis in skeletal muscle. Theoretical Biology and Medical Modelling. 2011; 8(1):6. https://doi.org/10.
1186/1742-4682-8-6 PMID: 21463529

Qutub AA, Popel AS. Elongation, proliferation & migration differentiate endothelial cell phenotypes and
determine capillary sprouting. BMC Systems Biology. 2009; 3(1):13. https://doi.org/10.1186/1752-
0509-3-13 PMID: 19171061

Peirce SM, Skalak TC. Microvascular Remodeling: A Complex Continuum Spanning Angiogenesis to
Arteriogenesis. Microcirculation. 2003; 10(1):99—111. https://doi.org/10.1080/713773592 PMID:
12610666

Tang J, Enderling H, Becker-Weimann S, Pham C, Polyzos A, Chen CY, et al. Phenotypic transition
maps of 3D breast acini obtained by imaging-guided agent-based modeling. Integrative Biology. 2011;
3(4):408. https://doi.org/10.1039/c0ib00092b PMID: 21373705

Tang J, Fernandez-Garcia |, Vijayakumar S, Martinez-Ruis H, llla-Bochaca |, Nguyen DH, et al. Irradia-
tion of Juvenile, but not Adult, Mammary Gland Increases Stem Cell Self-Renewal and Estrogen Recep-
tor Negative Tumors. STEM CELLS. 2014; 32(3):649-661. https://doi.org/10.1002/stem.1533 PMID:
24038768

Tang J, Hunt CA. Identifying the Rules of Engagement Enabling Leukocyte Rolling, Activation, and
Adhesion. PLoS Computational Biology. 2010; 6(2):e1000681. https://doi.org/10.1371/journal.pcbi.
1000681 PMID: 20174606

Tang J, Ley KF, Hunt CA. Dynamics of in silico leukocyte rolling, activation, and adhesion. BMC sys-
tems biology. 2007; 1(1):14. https://doi.org/10.1186/1752-0509-1-14 PMID: 17408504

Bailey AM, Thorne BC, Peirce SM. Multi-cell Agent-based Simulation of the Microvasculature to Study
the Dynamics of Circulating Inflammatory Cell Trafficking. Annals of Biomedical Engineering. 2007;
35(6):916-936. https://doi.org/10.1007/s10439-007-9266-1 PMID: 17436112

Collier N, North M. Parallel agent-based simulation with Repast for High Performance Computing. SIM-
ULATION. 2013; 89(10):1215-1235. https://doi.org/10.1177/0037549712462620

Bock T, Pakkenberg B, Buschard K. Increased Islet Volume but Unchanged Islet Number in ob/ob
Mice. Diabetes. 2003; 52(7):1716-1722. https://doi.org/10.2337/diabetes.52.7.1716 PMID: 12829638

DorY, Brown J, Martinez Ol, Melton Da. Adult pancreatic S-cells are formed by self-duplication rather
than stem-cell differentiation. Nature. 2004; 429(6987):41—-46. https://doi.org/10.1038/nature02520
PMID: 15129273

lonescu-Tirgoviste C, Gagniuc PA, Gubceac E, Mardare L, Popescu |, Dima S, et al. A 3D map of the
islet routes throughout the healthy human pancreas. Scientific reports. 2015; 5:14634. https://doi.org/
10.1038/srep14634 PMID: 26417671

PLOS ONE | https://doi.org/10.1371/journal.pone.0190349 January 10, 2018 19/21


http://link.springer.com/10.1007/978-3-642-13214-8{_}21
http://link.springer.com/10.1007/978-3-642-13214-8{_}21
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp={&}arnumber=6263126{&}isnumber=6263051
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp={&}arnumber=6263126{&}isnumber=6263051
https://doi.org/10.3389/fphys.2016.00633
https://doi.org/10.3389/fphys.2016.00633
https://doi.org/10.3109/03014460.2013.807878
https://doi.org/10.3109/03014460.2013.807878
http://www.ncbi.nlm.nih.gov/pubmed/23829164
https://doi.org/10.1016/j.biomaterials.2012.12.047
https://doi.org/10.1016/j.biomaterials.2012.12.047
http://www.ncbi.nlm.nih.gov/pubmed/23357368
http://scholar.google.com/scholar?hl=en{&}btnG=Search{&}q=intitle:Agent-Based+Techniques+in+Local,+Autonomous+and+Adaptive+Decision-Making{#}0
http://scholar.google.com/scholar?hl=en{&}btnG=Search{&}q=intitle:Agent-Based+Techniques+in+Local,+Autonomous+and+Adaptive+Decision-Making{#}0
http://scholar.google.com/scholar?hl=en{&}btnG=Search{&}q=intitle:Agent-Based+Techniques+in+Local,+Autonomous+and+Adaptive+Decision-Making{#}0
https://doi.org/10.1186/1742-4682-8-6
https://doi.org/10.1186/1742-4682-8-6
http://www.ncbi.nlm.nih.gov/pubmed/21463529
https://doi.org/10.1186/1752-0509-3-13
https://doi.org/10.1186/1752-0509-3-13
http://www.ncbi.nlm.nih.gov/pubmed/19171061
https://doi.org/10.1080/713773592
http://www.ncbi.nlm.nih.gov/pubmed/12610666
https://doi.org/10.1039/c0ib00092b
http://www.ncbi.nlm.nih.gov/pubmed/21373705
https://doi.org/10.1002/stem.1533
http://www.ncbi.nlm.nih.gov/pubmed/24038768
https://doi.org/10.1371/journal.pcbi.1000681
https://doi.org/10.1371/journal.pcbi.1000681
http://www.ncbi.nlm.nih.gov/pubmed/20174606
https://doi.org/10.1186/1752-0509-1-14
http://www.ncbi.nlm.nih.gov/pubmed/17408504
https://doi.org/10.1007/s10439-007-9266-1
http://www.ncbi.nlm.nih.gov/pubmed/17436112
https://doi.org/10.1177/0037549712462620
https://doi.org/10.2337/diabetes.52.7.1716
http://www.ncbi.nlm.nih.gov/pubmed/12829638
https://doi.org/10.1038/nature02520
http://www.ncbi.nlm.nih.gov/pubmed/15129273
https://doi.org/10.1038/srep14634
https://doi.org/10.1038/srep14634
http://www.ncbi.nlm.nih.gov/pubmed/26417671
https://doi.org/10.1371/journal.pone.0190349

@° PLOS | ONE

Agent-based modeling of the interaction between CD8" T cells and Beta cells in type 1 diabetes

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Anderson MS, Bluestone JA. The NOD mouse: a model of immune dysregulation. Annual review of
immunology. 2005; 23:447-85. https://doi.org/10.1146/annurev.immunol.23.021704.115643 PMID:
15771578

Makino S, Kunimoto K, Muraoka Y, Mizushima Y, Katagiri K, Tochino Y. Breeding of a non-obese, dia-
betic strain of mice. Jikken dobutsu Experimental animals. 1980; 29(1):1-13. https://doi.org/10.1538/
expanim1978.29.1_1 PMID: 6995140

Dahlén E, Dawe K, Ohlsson L, Hedlund G. Dendritic Cells and Macrophages Are the First and Major
Producers of TNF-a in Pancreatic Islets in the Nonobese Diabetic Mouse. The Journal of Immunology.
1998; 160(7):3585-3593. PMID: 9531322

Lee Y, Chin RK, Christiansen P, Sun Y, Tumanov AV, Wang J, et al. Recruitment and Activation of
Naive T Cells in the Islets by Lymphotoxin 8 Receptor-Dependent Tertiary Lymphoid Structure. Immu-
nity. 2006; 25(3):499-509. https://doi.org/10.1016/j.immuni.2006.06.016 PMID: 16934497

Graham KL, Krishnamurthy B, Fynch S, Ayala-Perez R, Slattery RM, Santamaria P, et al. Intra-islet pro-
liferation of cytotoxic T lymphocytes contributes to insulitis progression. European Journal of Immunol-
ogy. 2012; 42(7):1717-1722. https://doi.org/10.1002/eji.201242435 PMID: 22585671

Magnuson AM, Thurber GM, Kohler RH, Weissleder R, Mathis D, Benoist C. Population dynamics of
islet-infiltrating cells in autoimmune diabetes. Proceedings of the National Academy of Sciences of the
United States of America. 2015; 112(5):1511-6. https://doi.org/10.1073/pnas.1423769112 PMID:
25605891

Graham KL, Sutherland RM, Mannering Sl, Zhao Y, Chee J, Krishnamurthy B, et al. Pathogenic mecha-
nisms in type 1 diabetes: The islet is both target and driver of disease. Review of Diabetic Studies.
2012; 9(4):148-168. https://doi.org/10.1900/RDS.2012.9.148 PMID: 23804258

Eizirik DL, Mandrup-Poulsen T. A choice of death—the signal-transduction of immune-mediated beta-
cell apoptosis. Diabetologia. 2001; 44(12):2115-2133. https://doi.org/10.1007/s001250100021 PMID:
11793013

Janeway C Jr, Travers P, Walport M. Antigen Recognition by T Cells. In: Immunobiology: The Immune
System in Health and Disease. New York, NY: Garland Science; 2001.

Coppieters K, Amirian N, von Herrath M. Intravital imaging of CTLs killing islet cells in diabetic mice.
Journal of Clinical Investigation. 2012; 122(1):119—-131. https://doi.org/10.1172/JC159285 PMID:
22133877

Miller MJ, Wei SH, Cahalan MD, Parker I. Autonomous T cell trafficking examined in vivo with intravital
two-photon microscopy. Proceedings of the National Academy of Sciences. 2003; 100(5):2604—-2609.
https://doi.org/10.1073/pnas.2628040100

von Boehmer H, Hafen K. The life span of naive alpha/beta T cells in secondary lymphoid organs. Jour-
nal of Experimental Medicine. 1993; 177(4):891-896. https://doi.org/10.1084/jem.177.4.891 PMID:
8459219

Schmitz |, Krueger A, Baumann S, Schulze-Bergkamen H, Krammer PH, Kirchhoff S. An IL-2-depen-
dent switch between CD95 signaling pathways sensitizes primary human T cells toward CD95-medi-

ated activation-induced cell death. Journal of immunology (Baltimore, Md: 1950). 2003; 171(6):2930—
2936. https://doi.org/10.4049/jimmunol.171.6.2930

Joshi NS, Cui W, Chandele A, Lee HK, Urso DR, Hagman J, et al. Inflammation Directs Memory Precur-
sor and Short-Lived Effector CD8+ T Cell Fates via the Graded Expression of T-bet Transcription Fac-
tor. Immunity. 2007; 27(2):281-295. https://doi.org/10.1016/j.immuni.2007.07.010 PMID: 17723218

Di Rosa F, Ramaswamy S, Ridge JP, Matzinger P. On the lifespan of virgin T lymphocytes. Journal of
immunology (Baltimore, Md: 1950). 1999; 163(3):1253—7.

Kinjyo I, Qin J, Tan SY, Wellard CJ, Mrass P, Ritchie W, et al. Real-time tracking of cell cycle progres-
sion during CD8+ effector and memory T-cell differentiation. Nature communications. 2015; 6(May
2014):6301. https://doi.org/10.1038/ncomms7301 PMID: 25709008

Oehen S, Brduscha-Riem K. Differentiation of naive CTL to effector and memory CTL: correlation of
effector function with phenotype and cell division. Journal of Immunology. 1998; 161(10):5338—46.

Graw F, Regoes RR. Investigating CTL mediated killing with a 3D cellular automaton. PLoS Computa-
tional Biology. 2009; 5(8). https://doi.org/10.1371/journal.pcbi.1000466 PMID: 19696876

Gadhamsetty S, Marée AFM, Beltman JB, De Boer RJ. A general functional response of cytotoxic T
lymphocyte-mediated killing of target cells. Biophysical Journal. 2014; 106(8):1780—1791. https://doi.
org/10.1016/j.bpj.2014.01.048 PMID: 24739177

Wiedemann A, Depoil D, Faroudi M, Valitutti S. Cytotoxic T lymphocytes kill multiple targets simulta-
neously via spatiotemporal uncoupling of lytic and stimulatory synapses. Proceedings of the National
Academy of Sciences. 2006; 103(29):10985-10990. https://doi.org/10.1073/pnas.0600651103

PLOS ONE | https://doi.org/10.1371/journal.pone.0190349 January 10, 2018 20/21


https://doi.org/10.1146/annurev.immunol.23.021704.115643
http://www.ncbi.nlm.nih.gov/pubmed/15771578
https://doi.org/10.1538/expanim1978.29.1_1
https://doi.org/10.1538/expanim1978.29.1_1
http://www.ncbi.nlm.nih.gov/pubmed/6995140
http://www.ncbi.nlm.nih.gov/pubmed/9531322
https://doi.org/10.1016/j.immuni.2006.06.016
http://www.ncbi.nlm.nih.gov/pubmed/16934497
https://doi.org/10.1002/eji.201242435
http://www.ncbi.nlm.nih.gov/pubmed/22585671
https://doi.org/10.1073/pnas.1423769112
http://www.ncbi.nlm.nih.gov/pubmed/25605891
https://doi.org/10.1900/RDS.2012.9.148
http://www.ncbi.nlm.nih.gov/pubmed/23804258
https://doi.org/10.1007/s001250100021
http://www.ncbi.nlm.nih.gov/pubmed/11793013
https://doi.org/10.1172/JCI59285
http://www.ncbi.nlm.nih.gov/pubmed/22133877
https://doi.org/10.1073/pnas.2628040100
https://doi.org/10.1084/jem.177.4.891
http://www.ncbi.nlm.nih.gov/pubmed/8459219
https://doi.org/10.4049/jimmunol.171.6.2930
https://doi.org/10.1016/j.immuni.2007.07.010
http://www.ncbi.nlm.nih.gov/pubmed/17723218
https://doi.org/10.1038/ncomms7301
http://www.ncbi.nlm.nih.gov/pubmed/25709008
https://doi.org/10.1371/journal.pcbi.1000466
http://www.ncbi.nlm.nih.gov/pubmed/19696876
https://doi.org/10.1016/j.bpj.2014.01.048
https://doi.org/10.1016/j.bpj.2014.01.048
http://www.ncbi.nlm.nih.gov/pubmed/24739177
https://doi.org/10.1073/pnas.0600651103
https://doi.org/10.1371/journal.pone.0190349

@° PLOS | ONE

Agent-based modeling of the interaction between CD8" T cells and Beta cells in type 1 diabetes

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Berkland C, Stehno-Bittel LA, Siahaan T. Templated islet cells and small islet cell clusters for diabetes
treatment; 2008. Available from: https://www.google.com/patents/US20080103606 https://www.
google.com/patents/US8735154.

Gianani R. Beta cell regeneration in human pancreas. Seminars in Immunopathology. 2011; 33(1):23—
27. https://doi.org/10.1007/s00281-010-0235-7 PMID: 21188381

Gianani R, Campbell-Thompson M, Sarkar SA, Wasserfall C, Pugliese A, Solis JM, et al. Dimorphic his-
topathology of long-standing childhood-onset diabetes. Diabetologia. 2010; 53(4):690-698. https://doi.
org/10.1007/s00125-009-1642-y PMID: 20062967

Meier JJ, Bhushan A, Butler AE, Rizza RA, Butler PC. Sustained beta cell apoptosis in patients with long-
standing type 1 diabetes: Indirect evidence for islet regeneration? Diabetologia. 2005; 48(11):2221—
2228. https://doi.org/10.1007/s00125-005-1949-2 PMID: 16205882

Simeonovic CJ, Ziolkowski AF, Wu Z, Choong FJ, Freeman C, Parish CR. Heparanase and autoim-
mune diabetes. Frontiers in Immunology. 2013; 4(December):1-7.

Ziolkowski AF, Popp SK, Freeman C, Parish CR, Simeonovic CJ. Heparan sulfate and heparanase play
key roles in mouse B cell survival and autoimmune diabetes. Journal of Clinical Investigation. 2012;
122(1):132—141. https://doi.org/10.1172/JC146177 PMID: 22182841

Kushner Ja, Ciemerych Ma, Sicinska E, Wartschow M, Teta M, Long SY, et al. Cyclins D2 and D1 Are
Essential for Postnatal Pancreatic 8-Cell Growth. Molecular and cellular biology. 2005; 25(9):3752—
3762. https://doi.org/10.1128/MCB.25.9.3752-3762.2005 PMID: 15831479

Sherry NA, Kushner JA, Glandt M, Kitamura T, Brillantes AMB, Herold KC. Effects of autoimmunity and
immune therapy on beta-cell turnover in type 1 diabetes. Diabetes. 2006; 55(12):3238—-45. https://doi.
org/10.2337/db05-1034 PMID: 17130466

von Herrath M, Sanda S, Herold K. Type 1 diabetes as a relapsing-remitting disease? Nature reviews
Immunology. 2007; 7(12):988-994. https://doi.org/10.1038/nri2192 PMID: 17982429

Hashimoto N, Kido Y, Uchida T, Asahara Si, Shigeyama Y, Matsuda T, et al. Ablation of PDK1 in pan-
creatic beta cells induces diabetes as a result of loss of beta cell mass. Nature genetics. 2006; 38
(5):589-93. https://doi.org/10.1038/ng1774 PMID: 16642023

Akirav E, Kushner JA, Herold KC. Beta-cell mass and type 1 diabetes: going, going, gone? Diabetes.
2008; 57(11):2883-8. https://doi.org/10.2337/db07-1817 PMID: 18971435

Vanderlugt CL, Miller SD. Epitope Spreading in Immune-Mediated Diseases: Implications for Immuno-
therapy. Nature Reviews Immunology. 2002; 2(2):85-95. https://doi.org/10.1038/nri724 PMID:
11910899

Sreenan S, Pick AJ, Levisetti M, Baldwin AC, Pugh W, Poonsky KS. Increased B-cell proliferation and
reduced mass before diabetes in the nonobese diabetic mouse. Diabetes. 1999; 48:989-996. https:/
doi.org/10.2337/diabetes.48.5.989 PMID: 10331402

Alanentalo T, Hérnblad A, Mayans S, Karin Nilsson A, Sharpe J, Larefalk A, et al. Quantification and
three-dimensional imaging of the insulitis-induced destruction of beta-cells in murine type 1 diabetes.
Diabetes. 2010; 59(7):1756—1764. https://doi.org/10.2337/db09-1400 PMID: 20393145

Bluestone JA, von Boehmer H. Regulatory T cells. In: Seminars in Immunology. vol. 18. Academic
Press; 2006. p. 77. https://doi.org/10.1016/j.smim.2006.01.003

Brusko TM, Putnam AL, Bluestone JA. Human regulatory T cells: role in autoimmune disease and ther-
apeutic opportunities. Immunological Reviews. 2008; 223(1):371-390. https://doi.org/10.1111/.1600-
065X.2008.00637.x PMID: 18613848

PLOS ONE | https://doi.org/10.1371/journal.pone.0190349 January 10, 2018 21/21


https://www.google.com/patents/US20080103606
https://www.google.com/patents/US8735154
https://www.google.com/patents/US8735154
https://doi.org/10.1007/s00281-010-0235-7
http://www.ncbi.nlm.nih.gov/pubmed/21188381
https://doi.org/10.1007/s00125-009-1642-y
https://doi.org/10.1007/s00125-009-1642-y
http://www.ncbi.nlm.nih.gov/pubmed/20062967
https://doi.org/10.1007/s00125-005-1949-2
http://www.ncbi.nlm.nih.gov/pubmed/16205882
https://doi.org/10.1172/JCI46177
http://www.ncbi.nlm.nih.gov/pubmed/22182841
https://doi.org/10.1128/MCB.25.9.3752-3762.2005
http://www.ncbi.nlm.nih.gov/pubmed/15831479
https://doi.org/10.2337/db05-1034
https://doi.org/10.2337/db05-1034
http://www.ncbi.nlm.nih.gov/pubmed/17130466
https://doi.org/10.1038/nri2192
http://www.ncbi.nlm.nih.gov/pubmed/17982429
https://doi.org/10.1038/ng1774
http://www.ncbi.nlm.nih.gov/pubmed/16642023
https://doi.org/10.2337/db07-1817
http://www.ncbi.nlm.nih.gov/pubmed/18971435
https://doi.org/10.1038/nri724
http://www.ncbi.nlm.nih.gov/pubmed/11910899
https://doi.org/10.2337/diabetes.48.5.989
https://doi.org/10.2337/diabetes.48.5.989
http://www.ncbi.nlm.nih.gov/pubmed/10331402
https://doi.org/10.2337/db09-1400
http://www.ncbi.nlm.nih.gov/pubmed/20393145
https://doi.org/10.1016/j.smim.2006.01.003
https://doi.org/10.1111/j.1600-065X.2008.00637.x
https://doi.org/10.1111/j.1600-065X.2008.00637.x
http://www.ncbi.nlm.nih.gov/pubmed/18613848
https://doi.org/10.1371/journal.pone.0190349

