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Background: Helicobacter pylori causes gastric cancer in 1-2% of cases, but it exerts
beneficial health effects including protection against allergies and gastroesophageal
diseases. The majority of H. pylori-colonized individuals, an estimated 85%, do not
present any detrimental effects. The mechanisms that promote host tolerance to the
bacterium in the gastrointestinal mucosa and systemic regulatory effects requires
further study hence we investigated the dynamics of immunoregulatory mechanisms
triggered by H. pylori infection using a high-performance computing driven ENteric
Immunity Simulator (ENISI) multiscale model. The immune responses were simulated
in a high-resolution model integrating agent-based model, ordinary and partial
differential equations.

Results: The outputs were analyzed using two sequential stages wherein the first stage
used a partial rank correlation coefficient regression-based and the second employed a
metamodel-based global sensitivity analysis. The influential parameters screened from
the first stage were selected to be varied for the second stage. The outputs from both
stages were combined as a ‘training dataset’ to build a spatiotemporal metamodel. The
Sobol’ indices measured the time-varying impact of input parameters during the
initiation, peak and chronic phases of infection. The data analytics methods identified
epithelial cell proliferation and epithelial cell death as key parameters that control
infection outcomes. In-silico validation showed that colonization with H. pylori
decreased with a decrease in epithelial cell proliferation which was linked to regulatory
macrophages and tolerogenic dendritic cells.

Conclusion: The hybrid model of H. pylori infection identified epithelial cell proliferation
as a key factor for successful colonization of the gastric niche and highlighted the role
of tolerogenic dendritic cells and regulatory macrophages in both modulating the host
responses and shaping infection outcomes.

Raquel Hontecillas, Ph.D.
Virginia Polytechnic Institute and State University
Blacksburg, Virginia UNITED STATES

Virginia Polytechnic Institute and State University

Meghna Verma, M.S.

Meghna Verma, M.S.

Josep Bassaganya-Riera, Ph.D.
Andrew Leber, Ph.D.

Nuria Tubau-Juni, M.S.

Stefan Hoops, Ph.D.

Vida Abedi, Ph.D.

Xi Chen, Ph.D.

Powered by Editorial Manager® and ProduXion Manager® from Aries Systems Corporation



Order of Authors Secondary Information:

Response to Reviewers:

Raquel Hontecillas, Ph.D.

Point by point response to the Reviewer reports

We would like to thank the reviewers and editors involved for dedicating valuable time
to review our manuscript entitled “High-Resolution Computational Modeling of Immune
Responses in the Gut”. We are extremely grateful to both reviewers and the editors for
their time and attention to our submission. The review was very helpful to us, and the
recommended changes have allowed us to provide better documentation and clarity to
the present work. The review process has been helpful in the improvement of our
submission. We have considered the comments that were made and have prepared
the following point-by-point response.

Reviewer #1: In this manuscript, the authors constructed a multi-scale systems biology
model of Helicobacter pylori infection to study the interaction between bacterial
infection and the immune system. Some modifications could be considered to improve
the quality of this manuscript:

1. The model needs to be more clearly described in the text. Some details might be
available from the code; nevertheless, it would be helpful for readers to understand if
the authors can include more information regarding the model. For example:

We thank the reviewer for their valuable suggestion. We agree with the reviewer’s
comment and accordingly we updated the manuscript with the response described
below in detail.

a. Agent-based model:

i.  Whatis the spatial discretization? The authors mentioned it's a 30*10 2D grid
cell, but resident macrophages are in thousands. So multiple cells are allowed in the
same grid location? How many?

Response: i) The model has a spatial discretization such that the dimension of the
entire (two-dimensional) grid is 30nm x 10 nm). An individual grid cell is 1nm x 1nm,
however, this is a configurable run parameter and can be changed without modifying
the model. An individual grid cell is a unit wherein all the agents located within that
location have the same cytokine environment, i.e., for all the agents in that location,
ENISI-MSM would send the same concentration of the cytokines to COPASI. The
resulting time series of cytokine concentrations will be used to update the cytokine
value in the ABM/PDE system and COPASI would simulate a different model for each
of the relevant cell type within that individual grid cell. Below is a figure describing the
grid, also added in the Additional file Fig S2.

The entire grid is divided within into 4 functionally and anatomically distinct sized
compartments such that the dimensions of the 4 compartments are lumen (2nm),
epithelium (1nm), lamina propria (5nm) and gastric lymph node (2nm).

The following compartments are adjacent to each other:

eLumen - epithelium

*Epithelium - lamina propria

eLamina propria — gastric lymph node

In the model, there are multiple cells and cell types (i.e., agents) within this dimensional
grid. At the beginning of each simulation cycle, the agents were randomly placed
separated by the four compartments within the 2D grid. The separation of different
types of agents, corresponding to different cell types, into compartments within the grid
is based on the conceptual framework that underlines the model, which is based on
author’s expertise and available information. Currently the individual agents do not
have any physical size meaning that there is no limit of agents within each individual
spatial grid cell. The model is initialized with the concentration of different cell types
(i.e. agents for e.g. macrophages) at the beginning of the simulation by the user. We
demonstrate below how we obtain a count of thousands of resident macrophages. For
e.g., if the initial concentration of resident macrophages in the lamina propria is 30, the
total number of these resident macrophages can be calculated by the equation (1)
described below -

Powered by Editorial Manager® and ProduXion Manager® from Aries Systems Corporation



n(resident macrophages) = sizecompartment(lamina propria) x concentrationintial
(resident macrophages)(1).

n(resident macrophages) = (30 x 5) x 30 = 4500.

The manuscript has been updated with the above addressed points, please refer to
Line129 - Line147, and L217-245.

ii. What is the time step size?

Response: The time step size is 1 tick ~ 1 day which was obtained during the process
of fitting the output to the results from the mouse model of H. pylori infection. For e.g.
the peak of resident macrophages in lamina propria (refer Fig 2b,d) is observed at ~21
days which is similar to the results obtained in Fig 2A described in ((Viladomiu,
Bassaganya-Riera et al. 2017) (also described in detail in point by point response 2.b).
The manuscript has been updated with the above addressed points, please refer to
Line247 - Line253.

iii. How is migration implemented for cells and bacteria agents?

Response: The cells and bacteria agents presented in the model have Brownian
motion and move randomly within the compartment. Brownian movement is an
inherent property of a cell. Depending on cell phenotypes the movement can vary, but
all cells with the same phenotype exhibit similar movements. Additionally, chemokine-
driven movement is dependent on chemokine concentration in a tissue site. The
capability of chemokine-driven movement exists in ENISI-MSM if the right chemokines
are represented in the model. However, the focus of this model was to investigate
changes in cell phenotype and not chemokine-driven movement of cells. Thus, the
chemokines driving the movement are not represented in the current model. Cell
migration is implemented in the code as the move() function for each of the cells and
agents, which call the moveRandom() function from the
(https://github.com/NIMML/ENISI-MSM/src/compartment/Compartment.cpp) file.

The manuscript has been updated with the above addressed points, please refer to
Line294 - Line307.

b. ODE: What's the COPASI setup for the solver? How is the solver in sync with the
ABM?

Response: The COPASI setup for the solver uses the LSODA (Livermore Solver for
Ordinary Differential Equations) differential equation solver. The default values for the
setup such as the - relative tolerance (1e-6), absolute tolerance (1e-12) and maximum
internal steps of 10000 were maintained. The ENISI MSM sends the current
concentrations of the cytokines

to COPASI. COPASI uses those values to integrate the deterministic

model for one tick, i.e., 1 day. The resulting time series of cytokine

concentrations are used to update the cytokine value in the ABM/PDE

system. COPASI simulates different model for each relevant cell type.

The manuscript has been updated with the above addressed points, please refer to
Line266 - Line274.

c. PDE: What package and numerical scheme is used to solve the PDEs? What's the
setting?

Response: ENISI MSM is a multiscale agent-based modeling platform for
computational immunology which was building on our previous works, ENISI MSM that
integrated COPASI, the ODE solver, ENISI, an agent based simulator (Mei, Abedi et al.
2015).

The ENISI MSM PDE solver uses a simple numerical scheme to solve the PDEs
(https://github.com/NIMML/ENISI-MSM/tree/master/src/diffuser) and process
distributed value layer (https://github.com/NIMML/ENISI-
MSM/blob/master/src/grid/ValueLayer.h). The ValueLayer stores the value for a grid
space and provides methods to change the values of individual grid cells. The Diffuser
is used to diffuse the values of the ValueLayer using diffusion (d) and degradation
(delta) constants as described in (Mei, Abedi et al. 2015). The diffusion constant
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determines the migration of values of a grid cell to its neighboring grid cells. As
implemented in ValueLayer library, the diffusion of cytokines follows the equation
shown below also described in Mei el al, 2015. Here, vn is the value of the grid cell
itself at step n. The values of cdelta and cd are degradation and diffusion constant
respectively.

vn = vn-1 + cdelta * [ ¥( cd neighbor *vn-1neighbor) - 6.0 * vn-1]

0.3

1.2

0.3

1.2

-6.0

1.2
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The PDE solver uses the above number scheme cd neighbor for the diffusion process.
The step size cdelta is automatically adjusted at the beginning of the simulation based
on the degradation and diffusion constants to avoid underflow errors, i.e., multiple PDE
steps are in general executed per tick. The grid size is the identical with the spatial
discretization for the agents.
We updated the manuscript details to solve PDEs and the setting, please refer to L275-
L293.
2. The authors listed the values of parameters in Table S1.

a. However, it's not clear what their units are (the baseline column seems to include
characters such as "I"2", "#" or "d". are these units? Please clarify).
Response: We thank the reviewer for pointing this out. Those were the units for the
parameters in the COPASI ODE models. The parameters described in Table S1 are
probability values (ranging from 0 to 1) and hence do not have any units. The
characters have been removed and the column 3 of Table_S1 has been updated.

b. Also, the sources of the parameter values are not very clear, except for the vague
statement "expert judgement” (Saltelli, Tarantola et al. 2000 is cited, but this is an
article on SA and does not contain parameters).

Response: The values of the parameters for the model presented here are obtained
via best guess based on the qualitative comparison of the computer model outputs with
that of the experimental results obtained from the mouse model of H. pylori infection
(Viladomiu, Bassaganya-Riera et al. 2017) published by NIMML (described here below
in the last paragraph detail).

We want to clarify the practice of using expert opinion is known in the SA field and
hence we cited Saltelli, Tarantola et al. 2000 as it supports the statement. As
discussed in (Thorne, Bailey et al. 2007), one of the challenges encountered using
ABM is the process of determining the parameter values, for e.g. this may include the
lack of the availability of experimental techniques to measure such parameters. Since,
the source of the parameters is not known we estimated the values to fit the data
obtained from the mouse model of infection.

The experimental results in the mouse model indicated that between weeks 2 and 3
post-infection a decrease in bacterial burden in the stomach of LysMcre mice was
observed as shown in Fig 1A of Viladomiu, Bassaganya-Riera et al. 2017. The
decrease in bacterial burden led to a significant and sustained lower colonization levels
when compared to WT and CD4Cre. Similar to the results observed in the mouse
model, we observed a significant decrease (Fig 2a,d) in the bacterial burden in the
simulated LysMcre group as compared to the simulated WT and CD4cre groups.
Furthermore, the results from the mouse model indicated that a significant increase in
numbers of F4/80hiCD11b+ CD64+ CX3CR1+ cells (here referred to as resident
macrophages in this paper), was observed in WT mice in comparison with LysMcre
mice as shown in Fig. 2A, 2E of Viladomiu, Bassaganya-Riera et al. 2017. These cells
accumulated in the stomach mucosa starting on day 14 post-infection in the WT mice
but not in the LysMcre mice. We observed a similar increase (Fig 2b,e and Fig 2c,f) in
the number of resident macrophages as well as monocyte derived macrophages in the
simulated WT groups in comparison to the simulated LysMcre group.
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We updated the manuscript accordingly, please refer to L340-L350 and L654-671.

c. Please in the table explain what mechanism each parameter corresponds to. Some
can be inferred from the name, but it's not very clear.

Response: We thank the reviewer for this valuable suggestion. We added column 2 in
Table S1 that describes the detailed mechanism that each parameter corresponds to.
We updated the manuscript accordingly, please refer to L236-L238.

For e.g. 3 rows of the Table S1 are shown below —

Table S1

Name of parameters

Description

p_epiinfbactdamage

Epithelial cell damage due to infectious bacteria
p_epith1damage

Epithelial cell damage due to Th1 cells
p_epith17damage

Epithelial cell damage due to Th17 cells

d. Some parameters are not included in the table. For example, the diffusivity of the
cytokines are not listed.

We thank the reviewer for this valuable observation. We listed the diffusivity of the
cytokines and updated the Table_S1.

3. In Table 1 and Table 2, there is a T cell class named "Tr", which is not explained
in the text. Please clarify.

Response: We thank the reviewer for pointing this out. The Tr cells are the type 1
regulatory (Tr1) T cells that are regulatory subset of T cells, whose expansion is
dependent on environmental IL-10 (produced by Mreg). These are different than iTreg
which are T cells differentiated from naive T cell in presence of tolerogenic dendritic
cells and TGF-B cytokine. We clarified this point and updated the manuscript, please
refer L208-211.

4.  The authors used a Gaussian emulator as surrogate model for the hybrid model.
In line 582, the authors mentioned that performance is evaluated using diagnostic plots
in Figure S4. Please clarify what the "Observed" data refers to. Are these the same
simulations from the training set which the emulator fitted to, or are these new
simulations done? If these are the training set results, the authors need to run
simulations and emulation on a new testing set and evaluate the performance; if it's
already done, please clarify how its done (range of parameters, number of simulations,
etc.)

Response: We thank the reviewer for your careful reading and bringing up the issues
in the description of the original plot. Below please find our response to your
comments.

First, the “observed” data, i.e. the ‘X’ axis in the first half of lower panel in Figure S4
(shown here below as Fig 1a) (please note in the revised manuscript the Figure S4 is
now updated and referred to as by Fig S5.), refers to the observed output values of the
simulations obtained after running the hybrid computer model, whereas the ‘y’ axis
refers to the predicted values obtained from the cross validated model. These
diagnostic plots denote the black circles which are the cross validated prediction.
Cross validation is in the sense that for predictions made at design point x, all
observations at design point x are removed from the training set. The second half of
lower panel refers to the standard residual plot wherein the ‘X’ axis represents the
observed values obtained from the simulation and the ‘y’ axis refers to the residual
error ({error (predicted values — observed values) / standard deviation (error)})
obtained.

In fact, the models used for plotting are the cross-validated ones and are not fit using
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the entire dataset. Cross-Validation (section 7.10 of The Elements of Statistical
Learning (Trevor, Robert et al. 2009), is a legitimate approach for model assessment
and it is especially suitable in our case because the simulation data is expensive to
obtain (each simulation takes ~9-10 minutes to run, thus 267 parameter sets with 20
replicates = 5,340 simulations. The entire simulation dataset took us about 2 months to
obtain.

Nevertheless, we would like to show that using separate testing and training dataset for
model assessment we obtained similar conclusions as those using the cross validated
model.

We randomly split the observed output simulation dataset for one of the datasets (Fig
S4 “a@”), Helicobacter pylori in Lamina propria into training (80%) and testing (20%) sets
and built the Gaussian emulator using the mlegp package. As observed in the Fig 1b
and Fig 1c below, we plotted the predicted (values predicted using mlegp) vs. the
observed simulation data values for both the training set (top panel of Fig 1b) and
testing sets (top panel of Fig 1c). In the top panels of Fig 1b, the black circles denote
the cross validated prediction points for the training dataset. Similarly, the top panel of
Fig 1c, the black open circles are obtained after plotting the predictions for testing
dataset, made using the model trained on the 80% of the randomly split dataset, vs.
the observed values (known) for the 20% of the randomly split used as testing dataset
here. Additionally, we calculated the standardized residuals for each of the 80% and
20% randomly split datasets and plotted the standardized residual plots in the lower
panels of Fig. 1b and Fig 1c respectively.

As observed in the bottom panels of the Fig 1a, 1b and 1c the amount of standard
residuals obtained for the cross validated model (Fig S4 a) from the paper and also the
one mentioned in previous paragraph), the training dataset (80% randomly split
dataset), and testing dataset (20% randomly split dataset) respectively, were similar.
Thus, here we demonstrated that the results obtained from the cross-validated model
built using mlegp (from Figure S4 a) and as shown here in Fig 1a) were similar to the
results obtained using the cross-validation technique by randomly splitting the data into
80% and 20% (shown here in Fig 1b and Fig 1c).

Fig 1a. Original plot from Fig S4 a). The plot shows the predicted vs. observed
simulation values for the Cross Validated (CV) model (top panel) and residual error plot
for the CV model (bottom panel).

Fig 1b. The plot shows the predicted vs. observed simulation values for the randomly
split 80% of the dataset (top panel) and residual error plot for the randomly split 80% of
the dataset(bottom panel).

Fig 1b. The plot shows the predicted vs. observed simulation values for the randomly
split 20% of the dataset (top panel) and residual error plot for the randomly split 20% of
the dataset(bottom panel).

We clarified that the observed data refers to observed simulation values and recreated

the Figure S4 (now updated to Fig S5 with updated legends. Please refer to L1045-
L1058 in the manuscript.
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Reviewer #2: The authors present results from a multi-scale hybrid model of host
immune responses to H pylori exposure in the gut. The paper addresses outstanding
questions in this complex system and overall the results are interesting. Some
comments/questions to be addressed are outlined below.

1.A key component of the introduction ("double edge sword, p 1 line 4") as well as in
the discussion (p28 line 672 "dual role as pathogen and beneficial organism") mentions
the conflicting roles of H pylori infection - however the results do not clearly connect to
help answer this dichotomy. More detailed analysis/discussion of the results should be
provided to clarify the conclusion or the focus of the intro/discussion should be
adjusted to relate more closely to the results currently presented.

Response: We thank the reviewer for this valuable suggestion. This study addresses
the dichotomy in the introduction but mostly focuses on investigating the dynamics that
promote the tolerance to the bacterium in the gastrointestinal mucosa and its systemic
immunoregulatory effects. We view the dichotomy represented by the beneficial effects
of regulatory responses (immune tolerance to the bacterium) in lesion development
versus the detrimental actions of effector responses. Since, the majority of H. pylori-
colonized individuals, approximately 85%, do not present any detrimental effect, we
wanted to contribute towards the further investigation of the dynamics of
immunoregulatory mechanisms underlying H. pylori infection using computational
modeling. We emphasized the need for investigation of the immunoregulatory role and
the adjusted the focus of the introduction and discussion to relate more closely to the
results highlighting regulatory immune cells here. We updated the manuscript
accordingly, please refer to L4-L7, L52-L54, L62-L65 in introduction and L850-L854 in
discussion.

2.Section 3.4 and p 29 line 694 discuss the involvement of regulatory macrophages
and tolerogenic DCs on the colonization of H pylori. These conclusions appear to be
drawn based on correlation between responses in H pylori and macrophage/DC
populations upon epithelial cell proliferation adjustment (Fig 5). A causal connection
between the macrophages/DCs and H pylori is not made (or is not clear to me from the
text). If such a connection is embedded in the mechanisms included in Table 1 it
should be outlined in the results section where the conclusion is made otherwise
simulations targeting the macrophage/DC populations would be needed to confirm this
hypothesis.

Response: We thank the reviewer for pointing this out. We want to clarify that
computational modeling based studies are capable of providing predictive modeling
derived insights, however, any definitive causal connection should be validated in an
experimental or clinical setting. In this study, based on the results obtained from the
metamodel based global SA, the epithelial cell proliferation parameter was shown to an
impact on the H. pylori population.

Following these findings which highlighted the importance of epithelial cell proliferation,
the biological hypothesis derived from this prediction is that the epithelial cell
proliferation parameter is responsible for the higher colonization of H. pylori. Prior to
conducting any experimental studies, we wanted to explore the hypothesis using our
hybrid computer model in silico and study the model outputs obtained after we
changed the epithelial cell proliferation parameter. Thus, we varied the epithelial cell
proliferation parameter across a varying range of values (0.9-0.1) and studied its effect
on the different output cell population (obtained after running the simulations). These
outputs were the ones obtained after running the simulation using the hybrid
computational model, as we varied the epithelial cell proliferation parameter. We
analyzed the outputs from the hybrid computer model and observed upon decreasing
the Epiprolifer from a range of values 0.9-0.1, the output cell populations with
regulatory function, namely regulatory macrophages and tolerogenic dendritic cells
were found to vary. Overall, these cell populations varied due to the variation in the
epithelial cell proliferation parameter.
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We want to clarify that such connection was not embedded in the mechanisms
included in Table 1 but it represents an emergent behavior from the simulations
predicting the involvement of regulatory and tolerogenic dendritic cells in the
mechanisms of immunoregulation during H. pylori infection. Finally, the simulations
targeting the epithelial cell proliferation caused a change in regulatory and tolerogenic
dendritic cell population. This shows that the simulations indirectly targeted the
regulatory and tolerogenic dendritic cell population. Thus, we hypothesize that
epithelial cell proliferation might be responsible for the higher colonization of H. pylori
through a mechanism that involves the regulatory macrophages and tolerogenic cells.
This is in line with our own conclusions drawn from a previous paper (Viladomiu,
Bassaganya-Riera et al. 2017) where we show that the presence of cells with
regulatory phenotype favor higher levels of H. pylori colonization. The results from the
sensitivity analysis presented in this paper suggest that epithelial proliferation might be
a crucial part of the mechanisms by which these regulatory responses are induced and
that there is a link between these parameters. The exact biological process however
cannot be inferred from the current model and it will be investigated in follow-up in vivo
studies.

We updated the manuscript with the detailed clarification, please refer to L788-826 and
L908-L915.

3. Clarity is needed on some parts of the methods description:

3.1 PG, line 131: what are the units of the grid dimensions given. Are these the
dimensions of a single grid cell or the entire grid? How are the 4 compartments
separated on the grid?

Response : We thank the reviewer for pointing this out. These are the dimensions of
the entire grid. An individual grid cell is 1nm x 1nm. The 4 compartments are separated
by border implementation such that the dimensions of the 4 compartments are lumen
(2nm), epithelium (1nm), lamina propria (5nm) and gastric lymph node (2nm). The
following compartments are adjacent to each other:

sLumen - epithelium

*Epithelium - lamina propria

sLamina propria — gastric lymph node

We updated the manuscript with detailed model description, please refer to L222-L.232.
We also added a figure describing the grid in the Additional file Fig S2.

3.2 P6 line 149: what data were the ODEs calibrated to? Is there a reference?
Response: The CD4+ ODE model was calibrated using the experimental data provided
in the Table S1 of the reference - Carbo, Hontecillas et al. 2013. The Particle Swarm
algorithm implemented in COPASI was used to determine unknown model parameter
values and fully calibrate the model. The intracellular macrophage ODE model was
calibrated using a combination of sourced and new data generated from in

vitro macrophage differentiation studies, compiled into a dataset provided within S2 file
of Leber, Bassaganya-Riera et al. 2016.

We accordingly updated the manuscript, please refer to L155-L166.

3.3 P6line 150, and p22 line 524: ABM parameters were calibrated to "qualitatively
resemble" the patterns observed in in vivo model. What patterns? What is considered
to be qualitatively similar enough? Do the simulations reproduce the dynamics as well
and the endpoint experimental observations? Inclusion of experimental data alongside
the simulations in figure 2 or a description of the key dynamics (e.g. fold-changes, peak
values etc.) would go a long way in communicating confidence in the model
parameters.

Response: We thank the reviewer for their valuable suggestion. The values of the
parameters are obtained based on the qualitative comparison of the model outputs
with the experimental results obtained from the mouse model of H. pylori infection. The
simulations reproduced similar dynamics as described below -

The results in the mouse model indicated that between weeks 2 and 3 post-infection a
decrease in bacterial burden in the stomach of LysMcre mice (lacking PPARg in
myeloid cells) was observed as shown in Fig 1A of (Viladomiu, Bassaganya-Riera et al.
2017). The decrease in bacterial burden led to a significant and sustained lower
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colonization levels when compared to WT and CD4Cre (lacking PPARg in T cells).
Similar to the results observed in the mouse model, we observed a significant
decrease (Fig 2a,d) in the bacterial burden in the simulated LysMcre group as
compared to the simulated WT and CD4cre groups.

Furthermore, the results from the mouse model indicated that a significant increase in
numbers of F4/80hiCD11b+ CD64+ CX3CR1+ cells (here referred to as resident
macrophages in this paper), was observed in WT mice in comparison with LysMcre
mice as shown in Fig. 2A, 2E of (Viladomiu, Bassaganya-Riera et al. 2017). These
cells accumulated in the stomach mucosa starting on day 14 post-infection in the WT
mice but not in the LysMcre mice. We observed a similar increase (Fig 2b,e and Fig
2c¢,f) in the number of resident macrophages as well as monocyte derived
macrophages in the simulated WT groups in comparison to the simulated LysMcre
group. As shown below, the peak of resident macrophages in lamina propria (refer Fig
2b of this paper) was observed at ~16-21 days which was similar to the peak observed
in the CD64+F480hi macrophages at day 21, in Fig 2a described in (Viladomiu,
Bassaganya-Riera et al. 2017). We included the experimental data alongside the
simulation and revised the Fig 2 as shown below.

We accordingly updated the manuscript, please refer to L344-L350, L654-L671 and
updated legend for Fig 2, L647-L649.

3.4 P11 line 246: the authors state that they perform global SA of the hybrid computer
model. | believe they mean the metamodel here?

Response: We thank the reviewer for pointing this out. Although, a metamodel was
built using the hybrid computer model, overall the global SA that included two stages
—i) screening the influential inputs using PRCC (which was performed on the outputs
from hybrid computer model simulations) and building a metamodel (using the outputs
from the hybrid computer model) followed by calculating the Sobol’ indices. Hence, we
stated that we performed the global SA of the hybrid computer model.

3.5 P 21 line 480 and 484: parameter values were 'reduced' to emulate biological
KOs. By how much were the parameters reduced?

Response: We thank the reviewer for pointing this out. We added new columns in
Table S1 with the values of the parameters used to emulate the biological KOs. A
complete set of parameter for each of the biological KOs are included as separate
columns in Table S1.

To simulate the CD4Cre group, the probabilities of a naive T cell transitioning to an
iTreg cell (p_nTtoiTreg) and Th17 cell differentiating to iTreg (p_Th17toiTreg) were
reduced to 5% and 10% of the baseline (WT) value respectively (refer Table S1). As
described in (Carbo, Hontecillas et al. 2013), to simulate the LysMCre experimental
conditions, the probabilities of i) a monocyte transitioning to a regulatory macrophage
(p_MonotoMreg) and ii) immature dendritic cells switching to tolerogenic dendritic cells
(p_iDCtotDC) were reduced approximately to 60% and 30% of the baseline (WT)
value, respectively (refer Table S1).

We updated the manuscript with the above listed values, please refer to L602-615.

3.6 The in vivo model is mentioned several times before it is clarified to be a mouse
model.

Response: We thank the reviewer for their valuable suggestion. We updated the
manuscript and clarified that the in vivo model is a mouse model.

Comment from the Editor: Further, our series Guest Editor, Paul Macklin has had a
quick look at the manuscript from a reproducibility point-of-view and suggests that you
include somewhere (e.g., in supporting info) the specific examples for this paper,
including detailed instructions on how to create the specific examples presented. Note
that our curators also asked for detailed instructions on how to require detailed
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instructions for usability - not just code.

In addition, please register any new software application in the SciCrunch.org
database to receive a RRID (Research Resource Identification Initiative ID) number,
and include this in your manuscript. This will facilitate tracking, reproducibility and re-
use of your tool.

Response: The RRID (Research Resource Identification Initiative ID) number as
assigned by the SciCrunch.org database is SCR_016918. We included this in the
manuscript, please refer to L180-L182.

Detailed instructions for the usability are described below and also included in
Additional file S1. Detailed instructions on how to create the specific examples
presented here are also included. We accordingly updated the manuscript, please refer
to L178-180.

Additional file S1

This file contains the detailed instruction to Install ENISI MSM (Step 1), Run a
simulation (Step Il) and Conduct Sensitivity Analysis (Step Ill). The jupyter (.ipynb)
notebooks (Fig2-Code.ipynb, Fig3-Code.ipynb, Fig4-Code.ipynb and Fig5-Code.ipynb)
include detailed instructions on how to create the specific figures presented in the

paper.

A.How to install ENISI MSM

1.Create a folder for the hybrid computer model: mkdir ENISI

2.Change directory to the newly created folder: cd ENISI

3.Clone the dependencies required from the ENISI-Dependencies from the NIMML
GitHub repository -

i.git clone --recursive https://github.com/NIMML/ENISI-Dependencies
4.Change the path to the ENISI-Dependencies folder: cd ENISI-Dependencies
5.Create a directory build within the folder: mkdir build

6.Change directory to the directory created in step 5: cd build

7.Start the installation: cmake ../

make

8.Change the directory cd

9.Change the directory to the one created in step 1: cd ENISI

10.Clone the ENISI-MSM model from the NIMML GitHub repository —

i.git clone —recursive https://github.com/NIMML/ENISI-MSM

11.Change the directory to ENISI-MSM: cd ENISI-MSM

12.Create a directory build within the folder: mkdir build

13.Change the directory to the directory created in step 12: cd build

14.Start the installation:

cmake -DENISI_MSM_DEPENDENCY_DIR=PATH TO ENISI-Dependencies
FOLDER/install ..

make

B.How to run a simulation

1.Create a folder FolderName to save the simulation results. It is important to place all
the results of every experiment and its respective files in different folders.

2.Place the files i) config.props ii) run.props iii) job.sh (required only if running on
cluster) iv) CD4.cps v) MregDiff.cps vi) model.props all in the folder where you want the
output files to be saved (i.e FolderName).

3.model.props is the parameter file wherein you can change the parameters.
4.run.props and config.props are the configurable files where you can change the
number of TICKS (that is a measure of computational time, i.e stop.at = number of
TICKS) and the size of the grid (in the current model that is set to 1nm).

5.For running locally, use run.sh

6.To run on a cluster, use job.sh.

7.For the -output folder path, change the CONFIG variable and provide path to your
folder i.e /home/username/FolderName.

8.ENISI executable to be used in the job.sh file is located in /PATH: ENISI/ENISI-
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MSM/bin folder that is created in the (installation step, Section A).

9.Run your job by typing -> sh run.sh (OR) ./ run.sh "path of the folder where you want
the results or sh job.sh (specify the CONFIG variable within).

10.After the job iscompleted, you will have .log files, .tsv files for all the compartments.
11.The .log file will contain debugging statements if there are any issued in the code.
Additional statments can be added to the source code for confirmation and monitoring
the output.

C.Sensitivity Analysis

Stage 1 Initialization

1.Parameters.xlsx -> Contains the maximum and minimum values of the input
parameters and information about which parameters are fixed.

2.Generate the Input parameter design matrix (P1) using -
design_matrix_generation.m; (NOTE: Comment out the Stage 2 part of the code).
3.Each row in P1 corresponds to the different values of the parameters to be used in
the model.props files.

4. Run the simulation using the hybrid computer code as described in Section B.
Stage 1 Analysis

1.Run the simulations (152 x 20 replicates) for each input parameter setting obtained
from P1 (see above, step 2 in the initialization stage).

2.Convert the data into .csv file format:

a.1st column: time points information (i.e. Ticks),

b.2nd column mean values and

c.3rd column standard deviations

All the information will be obtained from the ENISI-MSM output runs.

3.Run Stage1-PRCC.ipynb - Formats the data to be used for the PRCC analysis and
calculates the PRCC coefficients. (The code generates a data frame with rows from the
Parameters.xlsx file and average of the output obtained for that parameter setting in
the last column).

4.Plot the PRCC graphs using Stage1-PRCC_barplots.R

5.Alternatively, use Fig3-Code.ipynb jupyter notebook to recreate the figures in the
paper.

6.Create an excel sheet with information about the active and inactive inputs from
PRCC - PRCC_activeinactiveinputs-added.xIsx.

Stage 2 Initialization

*Generate the Input parameter design matrix (P2) using — i)
design_matrix_generation.m (NOTE: Comment out the Stage 1 part of the code) and ii)
information regarding the active and inactive inputs present in
PRCC_activeinactiveinputs-added.xIsx file.

*Run the simulation using the hybrid computer code as described in Section B.

Stage 2 Analysis

1.Run the simulations (115 x 20 replicates) for each input parameter setting obtained
from P2 (see above, step 1 in the initialization stage).

2.Convert the data into .csv file format:

a.1st column: time points information (i.e. Ticks),

b.2nd column mean values and

c.3rd column standard deviations.

All the information will be obtained from the ENISI-MSM output runs.

3.Combine all the outputs obtained from P2 and P1. (outputs obtained after running
simulation for P1 from Stage 1, Section C and for P2 from Stage 2, Section C).
Create folders for each of the cell (cells are represented as agents in each
compartment) populations and save the files from step 2, Sage 2, Section C.

4 Run Stage2-inputfilegeneration.m and save the output as .mat file to be used to build
a temporal metamodel.

5.Build a temporal metamodel using Stage2-BuildTempMM.R and save the output as
.Rdata dataset.

6.Calculate the Sobol Indices using Stage2-SA-temporal6tps.R. The input to the code
includes the .Rdata obtained from the previous step 6 (stage 2 Analysis, Section C)
and the datasets obtained after running Sobollndex_data_generation.m.
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Abstract

Background: Helicobacter pylori causes gastric cancer in 1-2% of cases, but it
exerts beneficial health effects including protection against allergies and

gastroesophageal diseases. The majority of H. pylori-colonized individuals, an

estimated 85%, do not present any detrimental effects. The mechanisms that

promote host tolerance to the bacterium in the gastrointestinal mucosa and

systemic _regulatory effects requires further study hence we investigated the

dynamics of immunoregulatory mechanisms triggered by H. pylori infection using
a high-performance computing driven ENteric Immunity Simulator (ENISI)
multiscale model. The immune responses were simulated in a high-resolution
model integrating agent-based model, ordinary and partial differential equations.
Results: The outputs were analyzed using two sequential stages wherein the first
stage used a partial rank correlation coefficient regression-based and the second
employed a metamodel-based global sensitivity analysis. The influential
parameters screened from the first stage were selected to be varied for the
second stage. The outputs from both stages were combined as a ‘training
dataset’ to build a spatiotemporal metamodel. The Sobol’ indices measured the
time-varying impact of input parameters during the initiation, peak and chronic
phases of infection. The data analytics methods identified epithelial cell
proliferation and epithelial cell death as key parameters that control infection
outcomes. In-silico validation showed that colonization with H. pylori decreased

with a decrease in epithelial cell proliferation which was linked to regulatory

macrophages and tolerogenic dendritic cells.
Conclusion: The hybrid model of H. pylori infection identified epithelial cell

proliferation as a key factor for successful colonization of the gastric niche and
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highlighted the role of tolerogenic dendritic cells and regulatory macrophages in

both modulating the host responses and shaping infection outcomes.

1. Background

Computational modeling of the immune response dynamics can provide
novel insights and facilitate the systems level understanding of the interactions
at the gastric mucosa during infection. Ordinary differential equation (ODE-
based methods are deterministic and based on the average response of cells
over time. Dynamical models are used in immunology for system-level analyses
of CD4+ T cell differentiation (Carbo, Bassaganya-Riera et al. 2013),
macrophage differentiation (Leber, Bassaganya-Riera et al. 2016), immune
responses elicited by Clostridium difficile infection (Leber, Viladomiu et al. 2015),
co-infections (Verma, Erwin et al. 2017), and in cancer and immunotherapy
(Qomlagi, Bahrami et al. 2017). However, ODE-based models lack the spatial
aspects and the features to study the organ and immune cell topology over time.
Agent-based models (ABM) employ a bottom-up approach that focuses on the
spatial and temporal aspects of individual immune cells, unlike the ODE-based
methods. This rule-based method includes agents that act as local entities which
interact locally with other agents, move in space, and follow set of rules
representing their role in a given system and contribute towards generating an
emergent behavior. Since, the immune system is a complex dynamical system
(Vodovotz, Xia et al. 2017) wherein the components i.e., the immune cells move

in space and time changing their location, ABMs are useful tools that can be

employed to understand biological mechanisms and the hidden insights.
Helicobacter pylori is a gram-negative bacterium that has persistently

colonized the human stomach since early evolution (Kusters, van Vliet et al.
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2006) (Mane, Dominguez-Bello et al. 2010) and is currently found in over 50%

(Cover and Blaser 2009) of the global population. H. pylori has co-evolved with

humans for thousands of years, such that an estimated 85% of the H. pylori-

colonized individuals, do not present any detrimental effects. Thus, the vast

majority of carriers (i.e., up to 75%) remain asymptomatic, while only 15%
develop ulcers, and less than 3% develop cancer. Further, growing and
sometimes contradictory evidence from recent experimental, clinical studies and
epidemiological studies suggest that H. pylori might provide protection against
obesity-related inflammation and type 2 diabetes (Bassaganya-Riera,
Dominguez-Bello et al. 2012), esophageal, cardiac pathologies, childhood
asthma and allergies (Oertli, Sundquist et al. 2012) and autoimmune diseases.

In this context, it is crucial to understand the mechanisms that promote host

tolerance to the bacterium in the gastrointestinal mucosa and its systemic

requlatory effects since these have been linked to the beneficial commensal

aspects of H. pylori-human host interaction. Computational models provide a

cost-effective and predictive way to study the complex and dynamic immune
system interactions and form a_non-intuitive novel hypothesis. Solving the
complex puzzle of immunoregulatory mechanisms that include large
spatiotemporal scales ranging from cellular, intracellular, tissue and organ level
scales is a major unsolved challenge that requires applying computational
modeling and data analytics.

An advanced hybrid model used to study the mucosal immune response
during gut inflammation highlighted the mechanisms by which effector CD4+ T
cell responses, contributed to tissue damage in the gut mucosa following
immune dysregulation (Mei, Abedi et al. 2015). Other hybrid models with the

integration of ABM, ODE, and PDE technologies, were developed to understand
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the dynamics of tumor development (Gong, Milberg et al. 2017) and tumor
growth models (Wang, Birch et al. 2009). These combined techniques have been
used to develop multi-organ models in various situations, including the study of
granuloma formation (Marino, El-Kebir et al. 2011) and pressure-driven ulcer
formation in post spinal cord injury patients (Solovyev, Mi et al. 2013). The
summary of different agent-based simulators with immunology related
applications are discussed and summarized in (Bassaganya-Riera 2015,
Cappuccio, Tieri et al. 2016). The comparison between different multiscale
modeling tools and agent-based immune simulators, are discussed in (An, Mi et
al. 2009, Mei, Abedi et al. 2015).

In this study, we utilize a high-resolution ENteric Immunity Simulator (ENISI)-
based model of the stomach for simulating the mucosal immune responses to H
pylori infection. The advanced hybrid multiscale modeling platform ENISI
multiscale model (MSM) is capable of scaling up to 10 agents (Abedi,
Hontecillas et al. 2015). The host immune responses initiated during H. pylori
infection and the underlying immunoregulatory mechanisms are captured using
the ENISI multiscale hybrid model. The underlying intracellular mechanisms that
control cytokine production, signaling and differentiation of macrophages and T
cells are modeled by using ODEs, the diffusion of cytokine values is modeled
using PDEs and the location and interactions among the immune cells, bacteria
and epithelial cells are modeled by using ABMs. The hybrid model thereby
represents a high-performance computing (HPC)-driven large-scale simulation
of the massively interacting cells and molecules in the immune system,
integrating the multiple modeling technologies from molecules to systems across

multiple spatiotemporal scales.
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To understand the dynamics and emergent immunological patterns
described by this hybrid model, we employed sensitivity analysis (SA), an
important part of the model analysis used to explore the influence of varying
model parameters on the simulation outputs. The influence of the effects of
changes in parameter values on the model output explains the model dynamics
that underlay the outputs (Ligmann-Zielinska, Kramer et al. 2014, Ten Broeke,
Van Voorn et al. 2016). Furthermore, SA examines the robustness of the model
output at a different range of parameter values that correspond to a range of
different assumptions. We employed global SA and conducted a two-stage
spatiotemporal global SA approach. First, we used a regression-based method
such as the partial rank correlation coefficient (PRCC) and screened the
important input parameters that were shown to have the most influence on the
output cell populations obtained from the hybrid model. Second, the screened
input parameters from the first stage were varied to build a second stage
parameter design matrix, and the computer simulations were again run using the
hybrid ENISI model. The outputs from both analytics stages were combined and
used as a ‘training dataset’ to build a spatiotemporal Gaussian process based
metamodel. Finally, variance-based decomposition global SA was used to
compute the Sobol’ indices and the most influential parameters over the course
of infection were identified. The data analytics methods conducted on the hybrid
model identified the epithelial cell parameters such as epithelial cell proliferation
as the most influential ones, required for the successful colonization of H. pylori

in the gastric microenvironment.
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2. Methods

2.1 Hybrid multiscale Helicobacter pylori infection model

We developed a multi-compartment, high-resolution, hybrid ABM/ODE/PDE
model to capture the dynamics of the immune response during H. pylori

colonization of the gastric mucosa._ The model has a spatial discretization such

that the dimension of the entire (two-dimensional, (2D)) grid is 30nm x 10 nm.

An individual grid cell for our simulation is 1nm x 1nm, however, this is a

configurable run parameter and can be changed without modifying the model.

An individual grid cell is a unit wherein all the agents located within that location

have the same cytokine environment, i.e., for all the agents in that location,

ENISI-MSM would send the same concentration of the cytokines to COPASI.

The entire grid is divided within into four functionally and anatomically distinct

sized compartments: lumen, epithelium, lamina propria and gastric lymph node.

In the model, there are multiple cells and cell types (i.e., agents) within this

dimensional grid. At the beginning of each simulation cycle, the cells (agents)

are randomly placed within the within the 2D grid. The separation of different

types of agents, corresponding to different cell types, into compartments within

the grid is based on the conceptual framework that underlines the model, which

is based on author’s expertise and available information. Currently the individual

agents do not have any physical size meaning such that there is no limit of agents

within each individual spatial grid. The model is initialized with the concentration

of different cell types (i.e. agents for e.q. macrophages) at the beginning of the

simulation by the user.

The use of a border implementation_permits the migration of agents (cells)

across compartments__and facilitates the unidirectional and bidirectional
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movement of the agents. At the cellular scale, ENISI MSM, simulated epithelial
cells, macrophages, dendritic cells (DC), CD4+ T cells and bacteria that are
implemented as agents in the model. At the intracellular scale, calibrated ODE-
based models of T cells (Carbo, Hontecillas et al. 2013) and macrophages
(Leber, Bassaganya-Riera et al. 2016) were used to represent the intracellular

pathways controlling cytokine production. The CD4+ T cell ODE model was

calibrated using the experimental data provided in the Table S1 of (Carbo,

Hontecillas et al. 2013). The Particle Swarm algorithm implemented in COPASI

was used to determine unknown model parameter values and fully calibrate the

CD4+T cell ODE model, the details are described in (Carbo, Hontecillas et al.

2013). The intracellular macrophage ODE model was calibrated using a

combination of sourced and new data generated from in vitro macrophage

differentiation studies, that were compiled into a dataset provided within S2 file

of (Leber, Bassaganya-Riera et al. 2016). The parameter values are specified

within the previously published manuscripts - CD4+ T cell ODE model (Carbo,

Hontecillas et al. 2013) and macrophages (Leber, Bassaganya-Riera et al.

2016). The parameters of the calibrated ODEs were kept unchanged, and the
ABM parameters were calibrated by approximating the output simulations such
that they qualitatively resembled the patterns observed in a mouse model of H.

pylori infection_(Viladomiu, Bassaganya-Riera et al. 2017), also described in

detail in section 3.1.

Cytokines secreted by immune cells and their change in concentration were

modeled by PDE. The degradation value of the cytokines and the diffusion

constant determines the spread of the cytokine value of one grid cell to its

neighboring grid cell similar to as described in (Mei, Abedi et al. 2015). The
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features of ABM, ODE, and PDE were combined to create a multiscale modeling
environment which spanned across different orders of spatiotemporal scales.
The code for the hybrid model is freely accessible and can be downloaded

at https://github.com/NIMML/ENISI-MSM. The detailed instructions for the

usability, instructions on ‘how to run a simulation’ and codes for creating specific

examples presented here are presented in Additional file S1. The SciCrunch.org

database assigned research identification initiative ID (RRID) for ENISI-MSM is

RRID:SCR _016918. The design of the implementation of the code structure is

depicted in the Additional file Fig S1. The hybrid model is implemented in C++

and utilized the Repast HPC library (hitps://repast.github.io/repast _hpc.html)
(Collier and North 2011). For the ODEs, we utilized COPASI (Hoops, Sahle et
al. 2006), an ODE-based modeling tool used in computational biology. The rules
in the model that described the interaction of H. pylori with the gastric mucosa
and the immune responses resulting from the infection are derived from the
findings in our previously published studies (Carbo, Bassaganya-Riera et al.
2013, Leber, Bassaganya-Riera et al. 2016). Specifically, this hybrid model
reproduced the immune responses generated by the interaction H. pylori and the

resident macrophages as shown in the mouse model of H. pylori infection

(Viladomiu, Bassaganya-Riera et al. 2017). The rules for each cell type in the H.
pylori infection are summarized in Table 1. A pictorial representation of the rules
is depicted in Fig 1. These cell types represented as agents, act according to the

rules (as in Table 1) that are updated at discrete simulation cycle.

Fig 1. Helicobacter pylori infection schematic diagram of the hybrid ABM

ODE model
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The model comprises four compartments, i) the lumen that contains H. pylori and
bacteria, ii) epithelium that contains epithelial cells and dendritic cells, iii) lamina
propria that contains variety of immune cells including the infiltrating effector
(eDCs) and tolerogenic (tDCs) dendritic cells, monocytes, regulatory
macrophages (both resident and monocyte-derived macrophages), T helper
cells and naive CD4+ T cells (nT), Thl, iTreg, Thl7, Tr cells. and iv) gastric
lymph node compartment that contains eDCs, tDCs, Thl, Thl7, iTreg and nT.

The Tr cells in the lamina propria are the type 1 requlatory (Trl) T cells with

requlatory function whose expansion is largely dependent on environmental IL-

10. These are different than iTreg which are T cells differentiated from naive T

cell in presence of tolerogenic dendritic cells and TGF-8 cytokine The two

calibrated ODEs for T cells and regulatory macrophages are integrated as the
ODE components in the hybrid model. The cellular agents are simulated in a
two-dimensional grid space with their behavior defined by a set of rules during a

course of H. pylori infection.

Model description

ENISI MSM is a multiscale agent-based modeling platform for computational

immunology which was built on our previous works, ENISI-MSM (Mei, Abedi et

al. 2015) that integrated COPASI, the ODE solver, ENISI, an agent based

simulator.

Spatial discretization

The model has a spatial discretization such that the dimension of the entire (two

dimensional) grid is 30nm x 10 nm. An individual grid cell is 1nm x 1nm, however,

this is a configurable run parameter and can be changed without modifying the

model. The four functionally and anatomically distinct sized compartments are




OCoO~NOUTAWNE

P27
228
229
230
231
032
233
234
235
236
P37
238
239
240
P41
P42
P43
P44
P45
P46
P47
P48
249
250
251

separated by border implementation such that the dimensions of the four

compartments are lumen (2nm), epithelium (1nm), lamina propria (5nm) and

gastric lymph node (2nm). The following compartments are adjacent to each

other: lumen — epithelium, epithelium - lamina propria and lamina propria —

gastric lymph node. A figure describing the spatial discretization is shown in the

Additional file Fig S2.

The parameters that define the initial concentration of the agents and the

diffusivity of cytokines are obtained from a properties file (model.props in the

Howtorunasimulation folder in the GitHub repository). All the value of the

parameters as listed in Table S1. The detailed mechanism that each parameter

corresponds to is described in the second column, parameter description, of

Table S1. We demonstrate below how we obtain a count of thousands resident

macrophages. For e.q., if the initial concentration of resident macrophages in the

lamina propria is 30, the total number of these resident macrophages can be

calculated by the equation described below -

n(resident macrophages) = Siz€comparment(lamina propria) x concentrationintial

(resident macrophages)

n(resident macrophages) = (30 x 5) x 30 = 4500.

Time Step size

The time step size is 1 tick ~ 1 day which was obtained during the process of

qualitatively comparing the output to the results from the mouse model of H.

pylori infection. For e.g.,_the peak of resident macrophages in lamina propria

(refer Fig 2b, d) is observed at ~21 days which is similar to the results obtained

10
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in Fig 2A described in (Viladomiu, Bassaganya-Riera et al. 2017) (also described

in detail in section 3.1).

Updating

Each agent has an ‘act’ function within the code_that describes the rules
implemented for each of the agent groups. At every simulation cycle, each agent
inspects its location and updates its state. If the agents were T cells and

macrophages, they obtained the cytokine concentration from the ValuelLayers,

sent that information to COPASI that calculated the differentiation subtype of the

agent and cytokines to be secreted that into the environment (Mei, Abedi et al.

2015). The input to the ODEs were the cytokine values at the agent’s location.
Thus, the intracellular ODE models were utilized to determine and update the
state. Each agent proliferated, died, changed its state and moved across the
compartment, following the set of rules defined for them.

The COPASI setup for the solver used the LSODA (Livermore Solver for

Ordinary Differential Equations) differential equation solver. The default values

for the setup such as the - relative tolerance (1e-6), absolute tolerance (1e-12)

and maximum internal steps of 10000 were maintained. The ENISI MSM sends

the current concentrations of the cytokines

to COPASI. COPASI uses those values to integrate the deterministic

model for one tick, i.e., 1 day. The resulting time series of cytokine

concentrations are used to update the cytokine value in the ABM/PDE

system. COPASI simulates different model for each relevant cell type.

The ENISI MSM PDE solver uses a simple numerical scheme to solve the PDEs

(https://github.com/NIMML/ENISI-MSM/tree/master/src/diffuser) and process

distributed value layer (https://qgithub.com/NIMML/ENISI-

11
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MSM/blob/master/src/grid/ValueLayer.h). The ValueLayer stores the value for a

arid space and provides methods to change the values of individual grid cells.

The Diffuser is used to diffuse the values of the ValuelLayer using diffusion (d)

and degradation (delta) constants as described in (Mei, Abedi et al. 2015). The

diffusion constant determines the migration of values of a grid cell to its

neighboring grid cells. As implemented in ValueLayer library, the diffusion of

cytokines follows the equation shown below also described in Mei el al, 2015.

Here, v, is the value of the grid cell itself at step n. The values of Cgeira and cq are

degradation and diffusion constant respectively.

Vn = Vi1 + Cdelta * |' y( Cq neighbor *Vn_lneighbor) _ 60 * Vn-l]

0.3 1.2 0.3
1.2 -6.0 1.2
0.3 1.2 0.3

The PDE solver uses the above number scheme cg "9 for the diffusion

process. The step size cgeita IS automatically adjusted at the beginning of the

simulation based on the degradation and diffusion constants to avoid underflow

errors, i.e., multiple PDE steps are in general executed per tick. The grid size is

the identical with the spatial discretization for the agents.

Movement
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The cells and bacteria agents presented in the model have Brownian motion and

move randomly within the compartment. Brownian movement is an inherent

property of a cell. Depending on cell phenotypes the movement can vary, but all

cells with the same phenotype exhibit similar movements. Additionally,

chemokine-driven movement is dependent on chemokine concentration in a

tissue site. The capability of chemokine-driven movement exists in ENISI-MSM

if the right chemokines are represented in the model. However, the focus of this

model was to investigate changes in cell phenotype and not chemokine-driven

movement of cells. Thus, the chemokines driving the movement are not

represented in the current model. Cell migration is implemented in the code as

the move() function for each of the cells and agents, which call the

moveRandom() function from the (https://github.com/NIMML/ENISI-

MSM/src/compartment/Compartment.cpp) file.

The hybrid model simulations were run on an Ivy Bridge-EX E7-4890 v2 2.80
GHz (3.40 GHz Turbo) quad processor nodes. The code was parallelized such
that the simulation time on a single node with four parallel tasks, varied between
9-10 minutes. This runtime was based on the model parameters at the initiation
stage, which included the number of immune cell, bacteria, epithelial cells,
number of time steps, and size of the two-dimensional grid. To facilitate the
investigation of the mechanisms underlying host responses during H. pylori
infection, anatomical and functional compartments were spatially linked such that
the agents had both unidirectional and bidirectional movement. All the agents
worked in a synchronous format wherein the two agent populations
(macrophages and T cells) made function calls to their respective ODE models

(Leber, Bassaganya-Riera et al. 2016) (Carbo, Hontecillas et al. 2013). These
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agents used the varying cytokine concentration (i.e., environment variable) in

Name of agents States it can acquire Name of the states in the
hybrid model

Helicobacter pylori H. pylori

Macrophages Monocyte
Resident
Regulatory

Inflammatory

Immature
Effector
Tolerogenic

Dendritic cells

T cell Naive
Thi
Thl7
iTreg
Tr

Epithelial Healthy

Damaged

Infectious
Tolerogenic

Bacteria

NRPFRPRORMWNRPFPONREFPOWNE OO

their grid spaces as inputs to the ODE model, and these models were run using
COPASI (Hoops, Sahle et al. 2006). Table 2 shows information on the agents

and the states that they can acquire.

Table 2. List of all the agents and the states they can acquire.
All the agents can acquire at least 1 and at the most 5 states. The names chosen
for the acquired states are closely related to their functional properties based on

the underlying “rules”.

2.2 Global sensitivity analysis

To conduct the global SA, we determined a list of 38 parameters to be varied

that were selected based on the calibration process (wherein the parameters
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that did not show a lot of variation were not included). A range of values
(maximum and minimum) was specified for each of the parameters (refer to
Additional File Table S1) by expert judgment, summarized by bounded intervals.

The practice of using expert judgment is known in the SA field as supported in

(Saltelli, Tarantola et al. 2000). As discussed in (Thorne, Bailey et al. 2007), one

of the challenges encountered using ABM is the process of determining the

parameter values, for e.q. this may include the lack of the availability of

experimental technigues to measure such parameters. The values of the

parameters for the model presented here are obtained via the best guess based

on the qualitative comparison of the computer model outputs with that of the

experimental results obtained from the mouse model of H. pylori infection

(Viladomiu, Bassaganya-Riera et al. 2017) (as described in detail in Section 3.1).

Since, the source of the parameters is not known we estimated the values to fit

the data obtained from the mouse model of infection.

The values of these parameters were normalized within the range of 0 and 1
for SA purposes. We employed a two-stage metamodeling methodology to
determine the influence of each input parameter to the model output, in a high
dimensional screening setting inspired by (Moon, Dean et al. 2012). The step-
wise procedure is described in the Additional file, Fig S3. All the files for global
SA are freely accessible and can be  downloaded at

https://github.com/NIMML/Sensitivity-Analysis.

The two-stage global SA is described in detail in the below section. To
summarize, for the first stage the input parameter matrix was designed using the
method described in Moon, Dean et al. 2012 and simulations were run using the
hybrid computer model. The simulation output from the first stage was analyzed

using PRCC as it was computationally efficient, and the active inputs (significant
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effect) were screened to reduce the input parameter space. Second, the active
parameters were varied whereas the inactive parameters from the first stage
were maintained at a nominal value for the input parameter matrix design to be
employed for the second stage. Third, the simulation outputs from both stages
were combined and used as a training dataset to fit a spatio-temporal
metamodel. Fourth, the unknown model parameters for the spatio-temporal
metamodel were estimated using_the maximum log-likelihood function. The
spatio-temporal metamodel was used as a substitute for the hybrid computer
model, and the variance-decomposition method was used to compute the Sobol’
total and first-order indices. Overall, we employed both approaches, PRCC
based (for screening) and Sobol’ indices calculation to perform a complete global
SA of the hybrid computer model. The following sections, describe a detailed

step by step explanation of the procedure.

Design of two-stage experiments and analysis

The input for the hybrid model are varying parameter values obtained from
the design matrix and the output are the number of cells (agents) that vary over
time. The first stage experiment was focused on the screening of the input
variables to reduce the number of input parameters to vary for the SA and to limit
the computational cost. Computational costs are often a limiting factor that play
an important role in the inclusion of model parameters in the SA (Ten Broeke,
Van Voorn et al. 2016). For the design, we assumed the total number of input
parameters under consideration as d (in our case, 38). With an assumption of a
maximum of 50% active inputs that is aimed to improve the screening

performance, the number of runs for stage 1, was fixed to n1= 4d, such that n, >

16
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5*d*0.5 = 2.5d as in (Moon, Dean et al. 2012). To construct a n; * (n;-1)
preliminary input parameter design matrix, X', needed to be constructed ((Moon,
Dean et al. 2012)). The input parameter design matrix for first stage sampling
was drawn from X',

The algorithm for the first stage design generated a design matrix X® that

satisfied the below three listed properties as in (Moon, Dean et al. 2012)

i) The columns of X* were uncorrelated thereby facilitating the independent
assessments of the effects due to the input parameters.

i) The maximum and minimum value in each input parameter column were
ensured to be 0 and 1 respectively, thereby preventing any input values
with larger values to have a larger influence on the response, induced by
the design.

iii) The designs defined by X* had “space-filling” properties such that all the

regions of the input space were exhaustively explored.

First stage sampling plan:

The first stage input parameter design matrix X was obtained by selecting
the first d columns of X*, i.e. XV = (&, ...., &,;). The hybrid computer model was
run and the simulation outputs at these n,design points were obtained.

In our case, the model comprised of d = 38 input variables. The total number of
distinct input parameter design points obtained using the above procedure was
ni1 = 152 (4*d = 4* 38). To account for the variability in the output, we run 20
replicates (r). Thus, the total number of simulations run using the hybrid model
computer simulator with X(™ as input parameter design matrix, were r x n; = 20

x 152 = 3040.
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First stage analysis

We analyzed the outputs from first stage analysis and screened the active
inputs from using PRCC. To measure the effect of input parameter on output, we
performed both PRCC and the spearman rank correlation coefficient (SRCC)
analysis. PRCC and SRCC were chosen because they were computationally
efficient (accounting for the low computational budget). A correlation analysis
provides a measure of the strength of linear association between input and
output variable (Marino, Hogue et al. 2008). A correlation coefficient between x;

and y is calculated as follows:

_ Cov(xy) Y (X = O —Y)
Ty = =
\/Var(xj)Var(y) \/Zliil(xij —X)2 2L, (i — ¥)?

j=12, ..k

where Cov(x;,y) stands for the covariance between xjand y, and Var (x; ) and

Var (y) are the variance of x; and y respectively.

PRCC is performed when i) a non-linear but monotonic relation exists
between the input and outputs, and ii) when little or no correlation exists between
the input variables (which is guaranteed by the property (i) of our input parameter
matrix, X described above). As described in Marino, Hogue et al. 2008, the
PRCC between rank transformed x;and y is the CC between the two residuals
(xj — @ and (y; — 37) where x, and y, are rank transformed and follow the linear

regression models as follows:
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X, = ¢+ ZI;:]' CpXpand y, = ¢, + Z’;=]- CpXp -
p#j p#j
We performed the PRCC analysis on the outputs obtained from the hybrid
computer model with XV as an input, using ‘epi.prcc’ package in R (https://cran.r-

project.org/web/packages/epiR/epiR.pdf). The significance test evaluated the

strength of influence each input parameters and assessed if the PRCC
coefficients were significantly different than zero (Marino, Hogue et al. 2008). We
run the PRCC analysis for 13 output cell populations (Fig 3 shows data for two
output populations and the rest of the data not shown) and identified the active
input parameters using the significance test. PRCC and SRCC produced
identical outputs, hence results from SRCC are not shown here. If an input
parameter was shown to be significant (P < 0.05) in one of the 13 output cell
populations, it was considered as an active input for the second stage input
parameter design matrix. Additionally, domain expert knowledge was employed
to include additional parameters, based on the biological significance, that were
otherwise shown to be non-significant. In all, based on the PRCC analysis
performed on the outputs obtained from the first stage simulations and domain
expert knowledge, we chose 23 input parameters as active inputs for the second
stage (see Additional Fig S4). Thus, PRCC screened inputs at significance level
p < 0.05 and inputs based on expert knowledge were selected as active inputs

to be varied for the second stage sampling plan.

Second stage sampling plan:

The number of active inputs obtained from the first stage analysis amounted

to 23 parameters out of the initial set of 38 parameters. We followed the design
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described in (Moon, Dean et al. 2012) for the second stage and the number of
design points amounted to, n,= 100%* 5*a where ‘a’ stands for the humber of
active inputs from the first stage. This resulted into n,= 23*5 = 115 parameters
combinations for the second stage input parameter design matrix. Since outputs
from both stages are to be combined for second stage analysis, per (Moon, Dean
et al. 2012), the design for the second stage was chosen to build on top of X,
The sampling phase design algorithm ensured that the columns satisfied the
properties (i) (uncorrelated design points) and (ii) (between values 0 and 1) as
listed in the previous section. We constructed the 115 x 38 (115 parameter
setting and 38 parameters) design matrix for the second stage that incorporated
the 23 active inputs obtained from the PRCC screening in the first stage output
analysis. After combining the design points from both the stages, the parameter
design matrix X with space filling properties contained 267 (152 from the first

stage and 115 from the second stage) design points.

Second stage analysis

We run the computer code for the hybrid model with the second stage input
parameter design matrix (with 115 (n2) design points), for 20 (r) replicates, which
amounted to 115 x 20 (2300) runs. The outputs from the first stage (152 x 20
runs) and second stage (115 x 20 runs) were combined to provide the training
data to build a spatio-temporal metamodel. For the second stage analyses, we
utilized a metamodeling-based approach. Metamodels are surrogate models that
can be used as a substitute for the simulation model (Saltelli, Ratto et al. 2008).
The use of metamodels reduces the computational budget, cost of analysis, and

are useful options in cases when the simulation model is expensive to run (in our
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case 9-10 minutes for 1 design point) (Saltelli, Ratto et al. 2008). The various
metamodeling techniques used to build surrogates for a computer model output
include linear regression models, neural networks, high dimensional model
representation methods, Gaussian process (GP) regression models, polynomial
chaos expansion and more that are discussed in length in (Rasmussen and
Williams 2006, Santner, Williams et al. 2013). Amongst these, GPs are one of
the most popular emulators as it allows modeling of fairly complex functional
forms. The GPs not only provide prediction at a new point but also an estimate
of the uncertainty in that prediction (Rasmussen and Williams 2006). A GP is a
stochastic process for which any finite set of y-variables has a joint multivariate
Gaussian distribution (Thiele, Kurth et al. 2014) (Rasmussen and Williams 2006).

Suppose, y;(w), the simulation response obtained on the jth simulation replicate,

at a design pointw = (X7,t)T € y x T, it can be described as follows:

yiw) =Y(w)+g(w) = B+ M(w) + &(w), (1)

where Y(w) represents the mean function of y;(w), the quantity of interest that
we intend to estimate at any design point w. The S, is a constant trend term and
is assumed to be unknown. The input parameter X € y ¢ R? and the time t €
T c R,; and X is independent of t. The ¢;(w) are represents the sampling
variability inherent in a stochastic simulation, that are that are assumed to be
independent and identically distributed across the replications at any given

design point (Ankenman, Nelson et al. 2010).

The term M (w) represents a stationary Gaussian process with mean =0 and
covariance between any points was modeled as the Gaussian covariance

defined in (Lamoureux, Mechbal et al. 2014). Thus, the covariance between any

21



O©CO~NOOOTA~AWNPE

Foes

507

508

509

510

511

612

513
514
515
516
17
18
519
20
21
22
523

F24

525

26

527

design points w, = (X,7,t,)"and w, = (X,7,t,)7in the random field can be

modeled as-
COU(M(Wa): M(Wb)) = erxp(— Zgzl 0y Xar — Xbr)z R(tqg — tp;y), (2)

wherein, exp(— Y%, 6,(X4 — X)? ) models the spatial correlation between two

input design points X, and X, in the input parameter space, whereas

R(t, — t,;y) also given by exp (—X%;v, (ter — tbr)z) models the temporal
correlation between time points t, and t,. The parameters 6 and y represents
the rate at which i) spatial correlation decreases as the points move farther in
space with the same time index, and ii) temporal correlation decreases as the
time points are farther apart in time at the same input vector, respectively. Both
the spatial correlation and temporal correlation are modeled using the Gaussian
covariance. The parameter I'? can be interpreted as the variance of M (w) for all
w. The input parameter design consists of ((w,,n;)%;) design points to run
independent simulations with replicates applied to each of the design points. Let,
k X 1 denote a vector of sample averages of simulation responses given by y =
Gw),ywy), ..., y(w )T, where in y(w;) is the resulting estimate of
performance measure obtained at design point w; and €(w;) is the sampling
variability inherent in a stochastic simulation (Ankenman, Nelson, & Staum,
2010). The equations associated with y(w;) and €(w;) are described below in

equation (3):

Yw) = X5y w) = Y(w) + Ewy) and Ew) =TI g(w), i =12, k.

3)
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Similar as in (Ankenman, Nelson, & Staum, 2010), shown below in equation (4),
let ¥, be the k x k covariance matrix across all design points and let }’,(w,, .) be
the k x 1 vector, (Cov[M(wo,w1)], Cov[M(Wo,W2)],..,Cov[M(Wo,w)]" that contains
spatial covariance between the k design points and a given prediction point w,,.
Also, let ). be the k x k covariance matrix of the vector of simulation errors
associated with the vector of point estimates y, across all design points. As
described in (Ankenman, Nelson et al. 2010), the best linear predictor Y (w,) that
has the minimum mean squared error (MSE) among all linear predictors at a

given pointw, = (X,”,t,)" can be given by equation (4):

Y(Wo) = Bo + Zuwo, DT [Zm + Ze 171G = LiBo), (4)
where, 1y is the k x 1 vector of ones and B, is estimated to be 1. The
corresponding optimal MSE as in (Ankenman, Nelson et al. 2010) is given by

equation (5):

MSE (7(w,)) = Su Xo,Wo — Zn(Wo,) [ Su + Te 17 S, ) (5).

To implement the metamodeling approach as described above, the unknown
model parameters are estimated through maximizing the log-likelihood function.
The underlying standard assumption is that (Y (w,), y7)T follows a multivariate
normal distribution, for e.g., see (Ankenman, Nelson et al. 2010) and (Chen and
Kim 2014). The function implemented in the mlegp package in R (Dancik and
Dorman 2008) is used for the estimation of the parameters. Once the parameters

are estimated the prediction then follows equations (4) and (5).

Sensitivity index calculation
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To determine the effect of input variables on the output, we employed the
variance decomposition method. These methods involve the decomposition of
the variance of the output as a sum of the variance produced by each input
parameter (Thiele, Kurth et al. 2014).

We independently generated 10,000 x 38 sampling matrices, such that the
parameter combinations are generated via Latin Hypercube sampling and as
described in (Saltelli, Annoni et al. 2010). Simulations were performed using the
GP spatio-temporal model as described in the previous section, and the Sobol’
indices were computed as described in (Sobol 1993) (Saltelli, Annoni et al.
2010). The Sobol’ method quantitatively measured the contribution of each input
parameter by computing the first order and total order index (Saltelli, Annoni et
al. 2010). For output Y, input parameter matrix X; where, i is the input parameters

of the model, the Sobol’ indices are computed as follows:

xi _ VIE(|Xi]
SE ="y
and
xi _ VIE(YIX-q]
SItOt - V(Y)

The Sobol first order sensitivity index SI¥* measures the impact of one single
parameter on the model output, whereas the Sobol’ total order index measures
the influence of X; including all the interactions with other parameters. The First-
order indices were computed using the Sobol-Saltelli’'s method as described in

(Saltelli, Annoni et al. 2010) (Sobol’, Tarantola et al. 2007) whereas, the total
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order indices were computed using Sobol-Jansen as in (Jansen 1999, Saltelli,

Annoni et al. 2010).

3. Results

3.1 Hybrid model simulations produce similar immune response dynamics

observed in previously published experimental data

We first aimed to simulate the findings observed in previous gut models
(Viladomiu, Bassaganya-Riera et al. 2017) to ensure that we obtained similar
response dynamics from the hybrid ENISI model of H. pylori infection. As in
(Viladomiu, Bassaganya-Riera et al. 2017), to demonstrate that the gastric
mucosa harbors a system of macrophages that contribute to the outcome of H.
pylori infection, we created an in-silico Peroxisome proliferator-activated
receptor gamma (PPARYy) macrophage-specific knockout (KO) model. PPARYy is
an important transcription factor that controls the expression of genes that
contribute to the inflammatory response once this is initiated. To disrupt the
downregulation of pro-inflammatory responses, we simulated a PPARg KO
system in either macrophage or T cell populations and compared the response
to a wild-type system. In the model, we created three different macrophage
populations, comprised of, “resident” macrophage agents that mimic the
properties of the F4/80hi CD11b+ CD64+ CXCR1+ macrophages reported in

(Viladomiu, Bassaganya-Riera et al. 2017), monocyte-derived (infiltrating) and
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macrophage populations with regulatory (M2, or alternatively activated) and pro-
inflammatory function (M1 or classically activated) (see Table 2).

We simulated an in-silico H. pylori infection by creating four groups, i) a control -
WT (representing a wild-type group), ii) CD4Cre (T cell specific PPARy KO-lacks

PPARy gene in all CD4 T cells), iii) LysMCre (Myeloid cell specific PPARy KO-

lacks PPARy gene in all macrophages) and clodronate group (simulating the

removal of macrophages by chemical depletion via clodronate treatment). To
simulate the CD4Cre group, the probabilities of a naive T cell transitioning to an
iTreg cell (p_nTtoiTreg) and Th17 cell differentiating to iTreg (p_Th17toiTreq)

were reduced to 5% and 10% of the control value, respectively (refer to Table

S1). As described in (Carbo, Hontecillas et al. 2013), to simulate the LysMCre
experimental conditions, the probabilities of i) a monocyte transitioning to a
regulatory macrophage (p_Mregdiff) and ii) immature dendritic cells switching to

tolerogenic dendritic cells (p_iDCtotDC) were reduced approximately to 60% and

30% of the control value, respectively (refer to Table S1). A complete set of

parameter for each of the biological KOs are included as separate columns in

Table S1. Lastly, the removal of macrophages by clodronate were simulated by
decreasing the initial numbers of the macrophage population including the
resident macrophages. The rationale to include the clodronate group
(macrophage removal) was to evaluate if depletion of phagocytic cells
(terminology with respect to model, i.e., monocytes, resident, monocyte-derived
macrophages and inflammatory macrophages) would affect H. pylori
colonization levels, as we have previously reported in an in vivo model

(Viladomiu, Bassaganya-Riera et al. 2017). Further, to simulate the myeloid cell
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PPARy KO system, the initial population of resident macrophages were also
reduced.

All the groups were initialized with equal loads of H. pylori agents. Ten
replicates of the simulations were performed for each of the input parameter
settings specific to each group. The outputs were averaged, and standard error
of the means were plotted as ribbons (shaded regions) across the graphs. After
running the ten replicates of the time series in-silico simulation, the hybrid model
showed significantly (p< 0.05) higher levels of H. pylori in the WT and CD4Cre
groups as compared to LysMCre KO and macrophage-depleted groups (Fig. 2,

panel a and d).

Fig 2. Time course simulations representing the immune response during
Helicobacter pylori infection.

The upper half of the plot in both the panels shows the dynamics of the

population cells

over time representing the number of cells (y-axis) versus time (x-axis) in a WT
(black), CD4Cre (green), clodronate (red) and LysMCre (blue) simulated in-silico
groups during H. pylori infection. The cell populations include - a) H. pylori; b)
the resident macrophages and, ¢) monocyte-derived macrophages in the lamina

propria compartment. The figures in the lower half (d-f) of both the panels, show

the results for statistical comparison between the groups using ANOVA with the
post-hoc analysis. The letters ‘a’, ‘ab’ and ‘b’ represent statistically significant
differences (P<0.05) between the groups obtained after running the Tukey’s

Honestly Significant Difference. A side by side comparison with the bacterial load
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and macrophage population as observed in the mouse model of H. pylori

infection are also included.

In addition to the increase in H. pylori, WT and CD4Cre in-silico experimental
groups had a higher resident as well as monocyte-derived regulatory
macrophages as compared to clodronate (macrophage depleted) and LysMCre

groups (Fig. 2b-c, e-f). The results in the mouse model indicated that between

weeks 2 and 3 post-infection a decrease in bacterial burden in the stomach of

LysMcre mice was observed as shown in Fig 1A of Viladomiu, Bassaganya-Riera

et al. 2017. The decrease in bacterial burden led to a significant and sustained

lower colonization levels when compared to WT and CD4Cre. Similar to the

results observed in the mouse model, we observed a significant decrease (Fig

2a, d) in the bacterial burden in the simulated LysMcre group as compared to

the simulated WT and CD4cre groups. Furthermore, the results from the mouse

model indicated that a significant increase in numbers of F4/80hiCD11b+ CD64+

CX3CR1+ cells (here referred to as resident macrophages in this paper), was

observed in WT mice in comparison with LysMcre mice as shown in Fig. 2A, 2E

of Viladomiu, Bassaganya-Riera et al. 2017. These cells accumulated in the

stomach mucosa starting on day 14 post-infection in the WT mice but not in the

LysMcre mice. We observed a similar increase (Fig 2b,e and Fig 2c,f) in the

number of resident macrophages as well as monocyte derived macrophages in

the simulated WT groups in comparison to the simulated LysMcre group. We

estimated the parameter values to fit the data obtained from the mouse model of

H. pylori infection. Thus, the observations were qualitatively similar to the

findings in (Viladomiu, Bassaganya-Riera et al. 2017), where the stomach of WT
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mice was enriched in a population of F4/80+CD11b+CD64+ myeloid cells,
compared to LysMCre mice.

Overall, with the results in Fig 2, we showed the ability of the hybrid model to
replicate the experimental results in (Viladomiu, Bassaganya-Riera et al. 2017),
and this preliminary data was used as a base calibration setting for SA and other

in-silico findings.

3.2 Partial correlation coefficient analysis screened the influential

parameters

To reduce the computational complexity of varying an input parameter space
of 38 parameters, we divided the SA process in two stages. For first-stage
analysis, we utilized the PRCC regression-based SA method to screen the
influential inputs and used it for the second stage design of the experiments (refer
Methods 2.2). Using PRCC, we determined the impact of the input parameters
on the output cell populations in the model. The parameters with significant
correlation with H. pylori in the gastric lamina propria compartment and resident
macrophages are shown in Fig 3, along with their PRCC values. The bars in
blue, highlight the parameters that are significantly different than 0, at P < 0.05
compared to grey bars which are not significant. It is important to note that at this
stage the analysis using PRCC was non-temporal.

The SA from first stage results showed that the epithelial damage due to
infectious bacteria (epiinfoctdam) with a coefficient value of (~0.2), was positively
correlated with the colonization of H. pylori in the lamina propria compartment,
indicating the important role of epithelial cell damage during the course of

infection, similar to our findings obtained in (Alam, Deng et al. 2015). Another
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parameter included the probability of the release of IL-6 (IL6) with a coefficient
value within the range (0.3-0.4).

Next, the epithelial cell damage parameters (epiinftbctdam = (0.2-0.3),
epiThl7dam = 0-0.2) were shown to have positive influence on the resident
macrophage cells whereas, the T cell type transition parameters (p_iTregtoThl17
=(0.3-0.4) and p_Thl17toiTreg = (0.1 - 0.2)) showed a negative impact on the
resident macrophages. Similarly, we performed the PRCC analysis for all the cell

populations under consideration during the infection (not shown).

Fig 3. Bar plots for the partial rank correlation coefficients.

The magnitude of the bar-plot indicates the value of the partial rank correlation
coefficient. The blue bar indicated the input parameters shown to be significantly
different than 0, at P <0.05 as influential whereas the grey bars indicate the non-
influential parameters on a) H. pylori and b) resident macrophages, in the lamina

propria compartment.

The significant parameters (marked in blue bars) obtained from the SA of the
output from first stage design of experiments (152 parameter settings with 20
replicates, refer Methods 2.2), were selected to be varied for the second stage
design. All the selected inputs are shown in Additional Fig S4. In all, we obtained

23 active inputs from the first stage.

3.3 Metamodel based spatio-temporal sensitivity analysis

The outputs obtained after running the first (152 x 20 runs) and second (115

x 20 runs) stage simulations, wherein x20 denotes the 20 replicates, were
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combined to be used as a training dataset. The combined output was utilized to
build a Gaussian process based spatiotemporal metamodel (refer Methods 2.2),

using mlegp package in R (Dancik and Dorman 2008).

The outputs from the training dataset were sub-divided into 6 datasets,
corresponding to six time periods (Days 1-14, 15-21, 22-30, 31-42, 43-90, 91-
201) and averaged across these periods. The sub-division of output across the
time periods, aided the temporal analysis over the initiation (Day 1-14), peak of
infection (Days 15-30) and chronic phase (post Day 31) stages as in (Viladomiu,
Bassaganya-Riera et al. 2017). We then fit a Gaussian process model (with
nugget) and evaluated the performance of the fitting of the metamodel for H.
pylori, resident macrophages, and monocyte-derived macrophages in lamina
propria compartment, and tolerogenic DC in the gastric lymph node, using the
diagnostic plots (see figures in Additional file, Fig S5). After fitting the models,
we performed variance based global SA by computing the Sobol’ total order and
first order sensitivity index (refer Methods 2.2). The estimates of the Sobol’ total
order indices for the input parameters calculated over the six time periods are

shown in Fig 4 (a-d).

Fig 4. Heat-maps of Sobol’ total order index for the input parameters across
different output populations.

The values in the heat-map indicate the Sobol’ total order sensitivity index
obtained from the metamodel, for the 38 input parameters with respect to the cell
populations. The values with darker color indicate a stronger influence on the cell

population as compared to the ones with lighter shade that indicate non-
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influential parameters for the cell populations - a) H. pylori, b) monocyte-derived
macrophages, c) resident macrophages, in the lamina propria compartment and
d) tolerogenic DCs, in the gastric lymph node compartment. The indexes are
calculated over six time points ranging across the three stages of infection,
including initiation (Day 1-14), peak (Days 15-42) and recovery stages (Days 43-

201).

As shown in Fig 4a, the metamodel based global SA showed that the input
parameters, epithelial cell proliferation (Epiprolifer) and epithelial cell death
(Epicelldeath) had the strongest impact on the population of H. pylori in lamina
propria compartment. As time progressed from initiation of the infection (Days 1-
14), through peak (Days 15-30), the epithelial cell proliferation had a continued
impact on the colonization of H. pylori. Next, the influence of the probability of
epithelial cell death decreased over the course of infection. Further, Fig 4b
highlighted the impact of epithelial cell proliferation (Epiprolifer) and epithelial cell
death (Epicelldeath) on the monocyte-derived macrophages.

For the resident macrophage population in the lamina propria, that have
emergent properties similar to the one characterized in (Viladomiu, Bassaganya-
Riera et al. 2017), we observed that the resident macrophage replication
parameter (ResmMacRep) has an impact during the initiation and peak stages
of the infection which indicates that these subsets of macrophages replicate

during the course of H. pylori infection. This result highlights the reliability of the

two-staged global SA method used here, as these findings are consistent with
the ones in (Viladomiu, Bassaganya-Riera et al. 2017) wherein we observed that

these subsets of macrophages expand in the gastric stomach lamina propria

during the course of H. pylori infection.
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Finally, for the tolerogenic DCs in Fig 4d, we observed that the epithelial cell
death (Epicelldeath) seemed to have an impact. Another parameter that stands
for the probability of naive T cell transitioning to iTreg cell (nTtoiTreg) was shown
to have an impact on the tolerogenic dendritic cells. Tolerogenic dendritic cells
are involved in the rule that transitions the naive T cells to iTreg cells in the gastric
lymph node, and the stronger impact of the nTtoiTreg during the initiation and
peak stages of the infection highlights the role of the tolerogenic dendritic cells
during the course of infection.

The global SA data suggested that the main contributors of the chronic
colonization of H. pylori in the lamina propria are the epithelial cells, specifically

the epithelial cell proliferation parameter.

3.4 Effect of different ranges of epithelial cell proliferation

An interesting prediction derived from the metamodel based global SA is that

epithelial cell proliferation is one of the parameters that has a strong impact on

the size of H. pylori population. The biological hypothesis derived from this

prediction is that the epithelial cell proliferation is responsible for the higher

colonization of H. pylori. Prior to conducting any experimental studies, we wanted

to explore the hypothesis using our hybrid computer model in silico and study

the model outputs obtained after we changed the epithelial cell proliferation

parameter. Thus, we varied the epithelial cell proliferation parameter across

different ranges (0.1-0.9, with 0.6 being the value for baseline conditions) and

ran the simulations using the hybrid model and studied its effect on the different

output cell population (obtained after running the simulations). These outputs

were the ones obtained after running the simulation using the hybrid computer

model, as we varied the epithelial cell proliferation parameter. We analyzed the
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outputs from the hybrid computer model and interestingly, observed that upon

decreasing the Epiprolifer from a range of values 0.9-0.1, the output cell

populations with requlatory function, namely requlatory macrophages and

tolerogenic dendritic cells were found to vary. WWe observed a decreasing effect

(Fig 5a-d) on H. pylori, monocyte-derived macrophages, resident macrophages
in the lamina propria compartment and tolerogenic dendritic cells in gastric lymph

node. Overall, these cell populations varied due to the variation in the epithelial

cell proliferation parameter.

For clarification, such connection was not embedded in the mechanisms

included in Table 1 but it represents an emergent behavior from the simulations

predicting the involvement of requlatory and tolerogenic dendritic cells in the

mechanisms of immunoregulation during H. pylori infection. Finally, the

simulations targeting the epithelial cell proliferation resulted in changes in

requlatory and tolerogenic dendritic cell populations. This shows that the

simulations indirectly targeted the requlatory and tolerogenic dendritic cell

population. Thus, we hypothesize that epithelial cell proliferation might be

responsible for the higher colonization of H. pylori through an immunoregulatory

mechanism that involves requlatory macrophages and tolerogenic cells. This is

in line with our own conclusions drawn from a previous paper (Viladomiu,

Bassaganya-Riera et al. 2017) where we show that the presence of cells with

requlatory phenotype favor higher levels of H. pylori colonization. The results

from the sensitivity analysis presented in this paper suggest that epithelial

proliferation might be a crucial part of the mechanisms by which these regulatory

responses are induced and that there is a link between these parameters. The

exact biological process however cannot be inferred from the current model and

it will be investigated in follow-up in vivo studies.
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Fig 5. In_silico study of the effect of epithelial cell proliferation parameter
on the cell populations.

The plots show the effect of varying epithelial cell proliferation (p_Epiprolifer)
parameter (with values 0.1, 0.5, 0.6(WT), and 0.9) on the output cell population
of a) H. pylori, b) tolerogenic dendritic cells, c) resident macrophages and d)
monocyte-derived macrophages. The parameter has a decreasing effect on the
cellular populations under consideration, wherein a decrease in the parameter
value, decreases the abundance of the cells over time. The lower half of the
figures (a-d), show the results for statistical comparison between the groups
using ANOVA with the post-hoc analysis. The letters ‘a’, b’, ¢’, and bc’represent
statistically significant differences (P<0.05) between the groups obtained after

running the Tukey’s Honestly Significant Difference.

The in_silico findings suggested the involvement of regulatory macrophages
(both resident as well as monocyte-derived) and tolerogenic DC on the
colonization of H. pylori in the gastric lamina propria. This highlighted and
validated the role of epithelial cell proliferation as one of the main factor affecting

H. pylori levels in the gastric niche.
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4. Discussion

H. pylori is the dominant indigenous bacterium of the gastric microbiota. In the

majority of individuals, H. pylori colonizes the stomach without causing adverse

effects, with little to no activation of inflammatory pathways. However, certain

members of the population lose immune tolerance to the bacterium thereby

contributing to the development of chronic gastric diseases. The immunological

mechanisms underlying its ability to persist in a harsh acidic gastric environment and
its dual role as a pathogen and beneficial organism remain unknown. A subset of
macrophages helps create a regulatory microenvironment that promotes the chronic
colonization of H. pylori (Viladomiu, Bassaganya-Riera et al. 2017). However, the
immune regulatory mechanisms are incompletely understood. Computational
models of the immune system featuring immune responses are powerful tools for
testing the different ‘what-if’ scenarios. Multiscale models of the immune response
are attractive in terms of modeling the responses at different spatiotemporal scales
(Heiner and Gilbert 2013).

In this study, we developed a HPC-driven hybrid, high-resolution, multiscale
model to simulate the complex immunoregulatory mechanisms during H. pylori
infection. The hybrid model was integrated with two intracellular ODEs capturing the
dynamics of CD4+ T cells and regulatory macrophages. The inputs to the hybrid
model are the set of parameters whose variation governs the immune system
dynamics during infection. The obtained outputs were emergent patterns of different
cell types, cytokines, and bacterial levels for instance the levels of H. pylori, and that
gualitatively matched the patterns observed in an in vivo infection model (Carbo,

Bassaganya-Riera et al. 2013, Viladomiu, Bassaganya-Riera et al. 2017). We
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presented an in-silico framework that evaluated the global SA of the hybrid model
and studied how the variation in the biological parameters affected the simulation
outputs. The two-stage global SA indicated that epithelial cell parameters,
specifically, the proliferation of epithelial cells affected the colonization of H. pylori in
the gastric mucosa. These results were validated in silico, and highlighted the
involvement of regulatory macrophages and tolerogenic DC in facilitating H. pylori
colonization of the gastric mucosa. Previous studies highlighted H. pylori inhabits the
apical surfaces of the epithelial cells and maintains a persistent infection (Alzahrani,
Lina et al. 2014).

Further, Mimuro et al. demonstrated that H. pylori promotes epithelial gastric cell
survival by attenuating apoptosis. These events showed how H. pylori regulated the
gastric niche and utilized epithelial cells to facilitate its persistence within the
stomach (Mimuro, Suzuki et al. 2007) (Wroblewski and Peek 2007)._Thus, the
findings in the current study are in line with the literature that suggests epithelial cell
proliferation favor the colonization of H. pylori in the stomach.

Our group also showed another mechanism used by H. pylori to create a gut
microenvironment that involved the induction of IL-10-driven regulatory mechanism
mediated by CD11b*F4/80"CD64*CX3CR1* mononuclear phagocytes, which
facilitated bacterial colonization (Viladomiu, Bassaganya-Riera et al. 2017).
Additionally, in this paper, we reported that regulatory macrophages were involved
in the process of colonization with H. pylori when we varied the epithelial cell
proliferation parameter in-silico. Zhang et al., demonstrated that H. pylori directed
active tolerogenic programming of DCs that favored chronic bacterial colonization,
by altering the balance of Th17/Treg cells (Zhang, Liu et al. 2010). Rizzuti, Ang et
al., demonstrated H. pylori-mediated IL-10 release caused the activation of signal

transducer and activator of transcription 3 (STAT3) in DC. This activation of STAT3
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via IL-10 release was shown to induce the production of tolerogenic DC phenotype
(Rizzuti, Ang et al. 2015). The findings from this paper also indicated the involvement
of tolerogenic DCs in affecting the mucosal levels of H. pylori. Therefore, the
literature combined with the results from this study, collectively suggest that during
H. pylori infection, the epithelial cell favors the colonization of H. pylori by creating a
regulatory microenvironment. This process is mediated by the regulatory
macrophages and tolerogenic programming of DC. Based on the results from this
paper and findings from the literature, this leads us to propose that the induction of

IL-10 by the regulatory macrophages is potentially involved in directing the

tolerogenic programming of DC. All experimental evidence combined with our model

prediction suggest the action of an underlying biological mechanism that links the

presence of H. pylori in the gastric mucosa with changes in the rates of epithelial cell

proliferation which ultimately affects the levels of colonization. Our prediction points

towards a link between epithelial cell proliferation and the action of tolerogenic

dendritic cells and requlatory macrophages. The exact cellular mechanism induced

during this process however cannot be inferred from the current model and it will be

investigated in follow-up in vivo studies.

At its current stage, the hybrid ENISI model reproduces the overall immune
system dynamics observed during an H. pylori infection._The parameters of
calibrated ODEs were kept unchanged, whereas the ABM parameters were
calibrated by qualitatively matching the patterns of the output simulations as
observed in an in vivo model of H. pylori infection (Viladomiu, Bassaganya-Riera et
al. 2017). For ABM, its calibration and validation remain the major key issues,
discussed elsewhere (Ten Broeke, Van Voorn et al. 2016) (Windrum, Fagiolo et al.

2007) (Fagiolo, Moneta et al. 2007). Further, developing targeted methods of SA

38



O©CO~NOOOTA~AWNPE
—o

24
925
926
927
’928
929
930
931
932
933
934
935
936

37
938
939
940
941
’942
943

44
945
’946
947

948

F49

have been identified as an_important challenge in the field (Crooks, Castle et al.
2008, Filatova, Verburg et al. 2013, Ten Broeke, Van Voorn et al. 2016). In this
paper, we highlighted the use of SA methods with a two-stage global SA framework
comprised of first, screening the input parameters (using PRCC) and second,
building of a surrogate model (using GP) of the hybrid model, to understand the
emergent behavior of the represented system. It is important to note that each SA
method known, has its own merits and produces useful information however none
provide a complete picture of the emergent model behavior (Ten Broeke, Van Voorn
et al. 2016). First, we employed PRCC methods as the initial step in our two staged
SA that aided the screening of active inputs and reduced the parameter space. The
choice of PRCC was advantageous and justified by the low computational cost and
low complexity in the computation of the coefficients. Another advantage of the
regression-based PRCC method is that the complex output from our hybrid model
was condensed into a _descriptive relationship that can be described by statistical
measures such as R? (Ten Broeke, Van Voorn et al. 2016). As described in (Ten
Broeke, Van Voorn et al. 2016) the results from PRCC are good descriptors of the
outputs produced if the regression function constitutes a good fit to the output (Ten
Broeke, Van Voorn et al. 2016). However, if the function does not yield a good fit,
the regression-based SA are proven to be useful in screening the influential
parameters for further analysis (Ten Broeke, Van Voorn et al. 2016), as described in
our analysis.

Further, the interaction effects between the parameters are not considered in
regression-based methods, and hence it was followed by the use of variance-based
methods in later stage analysis. Second, we employed metamodeling-based
approach and Sobol’ method as they provided information on the interaction

between_the input variable and the use of metamodels allowed to compute the
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sensitivity indices. One of the advantages of the Sobol’ method is that it is model-
free and no fitting functions are used to decompose the output variance (Saltelli,
Ratto et al. 2008). It considers the averaged effect of parameters over the whole
parameter space but fails to explore the different patterns within the space (Ten
Broeke, Van Voorn et al. 2016). Further, the method is not suitable for quantification
of output variability if the output distributions deviate from a normal distribution (Ten
Broeke, Van Voorn et al. 2016). The detailed comparison of different SA methods
used for the global SA of ABMs are described in detail in (Ten Broeke, Van Voorn et
al. 2016). Thus, we performed both_the PRCC and computation of Sobol’ indices
approaches to evaluate the influence of the input parameter variation and identified
the parameters involved in the successful colonization of the gastric niche by H.
pylori.

Some limitations of the model include implementation through a two-dimensional
grid system and including all cells of the same size. Although we parallelize the
computation of the hybrid model output, the large number of simulations required for
the global SA compensates for the benefits of parallelization. To improve the
calibration process and overall usability of the model, the data required for model
calibration would include tissue biopsies from people infected with H. pylori that can
be used to quantify the cells and take into account their spatial arrangement. The
current version is also limited in terms of the interactions that are based on epithelial
cells and DC as they are strictly rule-based. The building of ODE models for these
cells and integrating them with the ABM model will help capture the dynamics of
epithelial cells and DC more in-depth. Overall the immunoregulatory mechanisms
underlying the chronic colonization of H. pylori and the predictive capacity of the
model can be further improved by incorporating cell-specific models for epithelial

cells and DC.
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In summary, a high-resolution, hybrid, multiscale spatiotemporal stochastic
model of H. pylori infection was built and global SA was performed. The results from
the global SA highlight the key role played by epithelial cells in affecting the levels of
H. pylori colonization. The in-silico validation of varying the epithelial cell proliferation
parameter demonstrated the involvement of regulatory macrophages and the
tolerogenic DC. The next steps aimed to enrich the model will involve the validation
of the findings in vivo to study the underlying mechanisms involved in the successful

immune evasion by H. pylori. The computational modeling predictions will be further

validated experimentally and clinically.

5. Potential Implications

The computational model of the gut contains high-resolution information
processing representations of immune responses that are generalizable for other
infectious and autoimmune diseases. Complex diseases such as autoimmune
disorders, infectious diseases, and cancer all require integration of the multiscale
level data, information and knowledge, ranging from genes, proteins, cells, tissue to
organ level. The ENISI model of the gut presented here can be generalized to other
diseases by implementing the agents and rules specific to that disease, plus
recalibrating the model based on data that are specific to the new indication. Since
ABMs have modular architectures, an addition of new agent-types and modification
of rules can be done without restructuring the entire simulation setup (An, Mi et al.
2009). The use of ABM in such hybrid models not only facilitates the implementation
of already known mechanisms but also helps validate and predict any unforeseen
new mechanisms using data analytics methods such as global SA_to analyze

emerging behaviors at the systems level. The finer details regarding intracellular and

intercellular interactions that contribute towards the nonlinear and complex behavior
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of the gut can also

implemented here.

Tables

be studied by integrating the intracellular ODE models as

Name of Agent

Agent Type

Rules

Helicobacter
pylori

H. pylori

- Moves across the epithelial cell border if near damaged
epithelial layer

- Proliferates in the lumen and lamina propria

- Dies (removed from the simulation) in lamina propria
and in the lumen due to the damage of epithelial cells by
Thl or Thl7 cells

Macrophages

Monocyte

- Proliferates in presence the of effector dendritic cells or
damaged epithelial cells

- Proliferates in the lamina propria

- Differentiates to regulatory macrophage in based on
the output from the Macrophage ODE

- Differentiates to inflammatory macrophages in
presence of IFN-y

- Dies naturally (removed from the model)

Resident

- Proliferates in the presence of H. pylori
- Secretes IL10

- Dies naturally

- Dies due to Th1 and Tr cells

Regulatory

- Proliferates and removes bacteria
- Dies
- Secretes IL10

Inflammatory

-Proliferates in the presence of damaged epithelial cell
-Dies naturally

Dendritics

Immature

-Moves from lamina propria to epithelium compartment
and from the epithelium to the lamina propria

- Differentiates to tolerogenic dendritic cell in the
presence of tolerogenic bacteria, both in epithelium and
lamina propria

- Differentiates to effector dendritic cell in the presence
of H. pylori

- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Effector

- Moves from lamina propria to gastric lymph node
- Moves form epithelium to lamina propria

- Secretes IL6 and IL12

- Dies naturally

Tolerogenic

- Moves from lamina propria to gastric lymph node
- Moves from epithelium to lamina propria

- Secretes TGF-B

- Dies naturally
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T cells

Naive

In the presence of effector dendritic cells:

- Differentiates to Th1l in the presence of IFN-y or IL12

- Differentiates to Th17 in the presences of IL6 or TGF-8
In the presence of tolerogenic dendritic cells:

- Differentiates to iTreg in the presence of TGF-

- Differentiates to Tr in the presences of IL10

- Dies naturally

Thl

- Secretes IFN-y

- Moves from gastric lymph node to lamina propria

- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Th17

- Secretes IL17

- In the presence of tolerogenic dendritic cell, transition
to iTreg cells

- Moves from gastric lymph node to lamina propria

- Proliferates in lamina propria and gastric lymph node
- Dies naturally

iTreg

- Secretes IL10

- In the presence of tolerogenic dendritic cell, transition
to iTreg cells

- Moves from gastric lymph node to lamina propria

- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Tr

- Secretes IL10
- Dies naturally
- Proliferates in the lamina propria

Epithelial

Healthy

-Damaged due to infectious bacteria
-Damaged due to Thl and Th17 cells
-Proliferates

-Secretes IL6 and IL12

-Dies naturally

Damaged

-Transitions to healthy state in the presence of IL10
-Dies naturally

Bacteria

Infectious

- Dies due to Thl or Th17 or inflammatory macrophages
or damaged epithelial cells

- Dies naturally

- Proliferates in the lamina propria

Tolerogenic

- Moves from lumen to the epithelium in the presence of
damaged epithelial cells

- Becomes infectious if moves in the lamina propria
compartment

- Proliferates in lumen and lamina propria

- Dies naturally

Table 1. A list of rules for all the agent types implemented in the hybrid model
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Additional Files
File S1

Fig S1

Table S1

Fig S2

Fig S3

Fig S4

Fig S5

File S1 — The detailed instruction to Install ENISI MSM (Step 1), Run a simulation

(Step 1) and Conduct Sensitivity Analysis (Step Il) are described.

Fig S1. Design implementation of the hybrid multiscale model used to simulate
Helicobacter pylori infection

The figure shows the class structure used in the ENISI MSM hybrid agent based-
ODE model. Each group consists of an act() function that includes the implemented
rule for each agent. The previously published ODE models for T cells and

Macrophage are used to integrate in the ABM code.

Table S1 Table describing the input parameters used in the sensitivity analysis and

their ranges used.

Fig S2. A pictorial representation of the spatial discretization of the 2D grid.
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Fig S3. Flowchart for the two-staged global sensitivity analysis.

Fig S4. The active and inactive inputs selected from the stage 1 analysis

The rows represent the input parameters and columns represent the output cell
populations. The green boxes highlight the ‘active’ input parameters (row) that are
shown to have a significant influence (calculated based on the results obtained from
partial correlation coefficient analysis), on an output cell (columns) under

consideration.

Fig S5. Diagnostic and residual plots obtained for the Gaussian processes
fitted metamodels

The upper panel represents the diagnostic O-OQ plots where the open circles

represent the cross-validated predictions; solid black lines represent observed

response. The “observed simulations” data in the first half of the lower panel, refer

to the observed output values of the simulations obtained after running the hybrid

computer model, whereas the y axis refers to the predicted simulation values

obtained from the Cross-validated model. Each point represents 1 output point

obtained as an output from the simulation. The second half of the lower panel, refers

to the standard residual plot wherein the x-axis represents the observed simulation

values obtained from the simulation and the y-axis refers to the residual error ((error

(predicted values — observed values) / standard deviation (error))) obtained. The

diagnostic plots denote the black circles which are the cross-validated prediction.

Cross-validation is in the sense that for predictions made at design point x, all

observations at design point x are removed from the training set. The lower panel

represents the residual plots for the cell populations —(a) Helicobacter pylori; (b)
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Name of Agent

Agent Type

Rules

Helicobacter
pylori

H. pylori

- Moves across the epithelial cell border if near damaged
epithelial layer

- Proliferates in the lumen and lamina propria

- Dies (removed from the simulation) in lamina propria
and in the lumen due to the damage of epithelial cells by
Thl or Th17 cells

Macrophages

Monocyte

- Proliferates in presence the of effector dendritic cells or
damaged epithelial cells

- Proliferates in the lamina propria

- Differentiates to regulatory macrophage in based on
the output from the Macrophage ODE

- Differentiates to inflammatory macrophages in
presence of IFN-y

- Dies naturally (removed from the model)

Resident

- Proliferates in the presence of H. pylori
- Secretes IL10

- Dies naturally

- Dies due to Th1 and Tr cells

Regulatory

- Proliferates and removes bacteria
- Dies
- Secretes IL10

Inflammatory

-Proliferates in the presence of damaged epithelial cell
-Dies naturally

Dendritics

Immature

-Moves from lamina propria to epithelium compartment
and from the epithelium to the lamina propria

- Differentiates to tolerogenic dendritic cell in the
presence of tolerogenic bacteria, both in epithelium and
lamina propria

- Differentiates to effector dendritic cell in the presence
of H. pylori

- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Effector

- Moves from lamina propria to gastric lymph node
- Moves form epithelium to lamina propria

- Secretes IL6 and I1L12

- Dies naturally

Tolerogenic

- Moves from lamina propria to gastric lymph node
- Moves from epithelium to lamina propria

- Secretes TGF-B

- Dies naturally

T cells

Naive

In the presence of effector dendritic cells:

- Differentiates to Th1l in the presence of IFN-y or IL12

- Differentiates to Th17 in the presences of IL6 or TGF-
In the presence of tolerogenic dendritic cells:

- Differentiates to iTreg in the presence of TGF-p
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- Differentiates to Tr in the presences of IL10
- Dies naturally

Thl - Secretes IFN-y
- Moves from gastric lymph node to lamina propria
- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Th1l7 - Secretes IL17
- in the presence of tolerogenic dendritic cell, transition
to iTreg cells
- Moves from gastric lymph node to lamina propria
- Proliferates in lamina propria and gastric lymph node
- Dies naturally

iTreg - Secretes IL10
- In the presence of tolerogenic dendritic cell, transition
to iTreg cells
- Moves from gastric lymph node to lamina propria
- Proliferates in lamina propria and gastric lymph node
- Dies naturally

Tr - Secretes IL10
- Dies naturally
- Proliferates in the lamina propria
Epithelial Healthy -Damaged due to infectious bacteria
-Damaged due to Thl and Th17 cells
-Proliferates
-Secretes IL6 and IL12
-Dies naturally
Damaged -Transitions to healthy state in the presence of IL10
-Dies naturally
Bacteria Infectious - Dies due to Thl or Th17 or inflammatory macrophages
or damaged epithelial cells
- Dies naturally
- Proliferates in the lamina propria
Tolerogenic | - Moves from lumen to the epithelium in the presence of

damaged epithelial cells

- Becomes infectious if moves in the lamina propria
compartment

- Proliferates in lumen and lamina propria

- Dies naturally
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Figure 4
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Point by point response to the Reviewer reports

We would like to thank the reviewers and editors involved for dedicating valuable time to review
our manuscript entitled “High-Resolution Computational Modeling of Immune Responses in the
Gut’. We are extremely grateful to both reviewers and the editors for their time and attention to
our submission. The review was very helpful to us, and the recommended changes have allowed
us to provide better documentation and clarity to the present work. The review process has been
helpful in the improvement of our submission. We have considered the comments that were made
and have prepared the following point-by-point response.

Reviewer #1: In this manuscript, the authors constructed a multi-scale systems biology model of
Helicobacter pylori infection to study the interaction between bacterial infection and the immune
system. Some modifications could be considered to improve the quality of this manuscript:

1. The model needs to be more clearly described in the text. Some details might be available
from the code; nevertheless, it would be helpful for readers to understand if the authors can
include more information regarding the model. For example:

We thank the reviewer for their valuable suggestion. We agree with the reviewer’s comment and
accordingly we updated the manuscript with the response described below in detail.

a. Agent-based model:

i. What is the spatial discretization? The authors mentioned it's a 30*10 2D grid cell, but
resident macrophages are in thousands. So multiple cells are allowed in the same grid location?
How many?

Response: i) The model has a spatial discretization such that the dimension of the entire (two-
dimensional) grid is 30nm x 10 nm). An individual grid cell is 1nm x 1nm, however, this is a
configurable run_parameter and can be changed without modifying the model. An individual grid
cell is a unit wherein all the agents located within that location have the same cytokine
environment, i.e., for all the agents in that location, ENISI-MSM would send the same
concentration of the cytokines to COPASI. The resulting time series of cytokine concentrations
will be used to update the cytokine value in the ABM/PDE system and COPASI would simulate a
different model for each of the relevant cell type within that individual grid cell. Below is a figure
describing the grid, also added in the Additional file Fig S2.
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Individual grid cell

T 1E1m
2nm¢1nm>

l Lumen
1 n:in Epithelium
5nm

J Lamina propria
2nm

i Gastric lymph node

< 30 nm >

The entire grid is divided within into 4 functionally and anatomically distinct sized compartments
such that the dimensions of the 4 compartments are lumen (2nm), epithelium (1nm), lamina
propria (6nm) and gastric lymph node (2nm).
The following compartments are adjacent to each other:

e Lumen - epithelium

o Epithelium - lamina propria

e Lamina propria — gastric lymph node

In the model, there are multiple cells and cell types (i.e., agents) within this dimensional grid. At
the beginning of each simulation cycle, the agents were randomly placed separated by the four
compartments within the 2D grid. The separation of different types of agents, corresponding to
different cell types, into compartments within the grid is based on the conceptual framework that
underlines the model, which is based on author’s expertise and available information. Currently
the individual agents do not have any physical size meaning that there is no limit of agents within
each individual spatial grid cell. The model is initialized with the concentration of different cell
types (i.e. agents for e.g. macrophages) at the beginning of the simulation by the user. We
demonstrate below how we obtain a count of thousands of resident macrophages. For e.g., if the
initial concentration of resident macrophages in the lamina propria is 30, the total number of these
resident macrophages can be calculated by the equation (1) described below -

n(resident macrophages) = Siz€comparment(lamina propria) x concentrationnia (resident
macrophages) (1).

n(resident macrophages) = (30 x 5) x 30 = 4500.



The manuscript has been updated with the above addressed points, please refer to Line129 -
Line147, and L217-245.

ii. What is the time step size?

Response: The time step size is 1 tick ~ 1 day which was obtained during the process of fitting
the output to the results from the mouse model of H. pylori infection. For e.q. the peak of resident
macrophages in lamina propria (refer Fig 2b,d) is observed at ~21 days which is similar to the
results obtained in Fig 2A described in ((Viladomiu, Bassaganya-Riera et al. 2017) (also described
in detail in point by point response 2.b).

The manuscript has been updated with the above addressed points, please refer to Line247 -
Line253.

iii. How is migration implemented for cells and bacteria agents?

Response: The cells and bacteria agents presented in the model have Brownian motion and
move randomly within the compartment. Brownian movement is an inherent property of a cell.
Depending on cell phenotypes the movement can vary, but all cells with the same phenotype
exhibit similar movements. Additionally, chemokine-driven movement is dependent on chemokine
concentration in a tissue site. The capability of chemokine-driven movement exists in ENISI-MSM
if the right chemokines are represented in the model. However, the focus of this model was to
investigate changes in cell phenotype and not chemokine-driven movement of cells. Thus, the
chemokines driving the movement are not represented in the current model. Cell migration is
implemented in the code as the move() function for each of the cells and agents, which call the
moveRandom() function from the (https:/qithub.com/NIMML/ENISI-
MSM/src/compartment/Compartment.cpp) file.

The manuscript has been updated with the above addressed points, please refer to Line294 -
Line307.

b. ODE: What's the COPASI setup for the solver? How is the solver in sync with the ABM?
Response: The COPASI setup for the solver uses the LSODA (Livermore Solver for Ordinary
Differential Equations) differential equation solver. The default values for the setup such as the -
relative tolerance (1e-6), absolute tolerance (1e-12) and maximum internal steps of 10000 were
maintained. The ENISI MSM sends the current concentrations of the cytokines
to COPASI. COPASI uses those values to integrate the  deterministic
model for one tick, ie., 1 day. The resulting time series of cytokine
concentrations are used to update the cytokine value in the ABM/PDE
system. COPASI simulates different model for each relevant cell type.

The manuscript has been updated with the above addressed points, please refer to Line266 -
Line274.

c. PDE: What package and numerical scheme is used to solve the PDEs? What's the setting?
Response: ENISI MSM is a multiscale agent-based modeling platform for computational
immunology which was building on our previous works, ENISI MSM that integrated COPASI, the
ODE solver, ENISI, an agent based simulator (Mei, Abedi et al. 2015).

The ENISI MSM PDE solver uses a simple numerical scheme to solve the PDEs
(https:/github.com/NIMML/ENISI-MSM/tree/master/src/diffuser) and process distributed value




layer (https:/github.com/NIMML/ENISI-MSM/blob/master/src/qrid/ValuelLayer.h). The
ValuelLayer stores the value for a grid space and provides methods to change the values of
individual grid cells. The Diffuser is used to diffuse the values of the ValuelLayer using diffusion
(d) and degradation (delta) constants as described in (Mei, Abedi et al. 2015). The diffusion
constant determines the migration of values of a grid cell to its neighboring grid cells. As
implemented in ValuelLayer library, the diffusion of cytokines follows the equation shown below
also described in Mei el al, 2015. Here, v, is the value of the grid cell itself at step n. The values
of cqeita @and ¢y are degradation and diffusion constant respectively.

Vi = Vi1 + Cdelta * [ Z( Cq neighbor *Vn_1neighbor) -6.0 * Vn-1]

0.3 1.2 0.3
1.2 -6.0 1.2
0.3 1.2 0.3

The PDE solver uses the above number scheme cq"™" for the diffusion process. The step size
Coeita IS @utomatically adjusted at the beginning of the simulation based on the degradation and
diffusion constants to avoid underflow errors, i.e., multiple PDE steps are in general executed per
tick. The grid size is the identical with the spatial discretization for the agents.

We updated the manuscript details to solve PDEs and the setting, please refer to L275-L293.

2.  The authors listed the values of parameters in Table S1.

a. However, it's not clear what their units are (the baseline column seems to include characters
such as "I"2", "#" or "d". are these units? Please clarify).
Response: We thank the reviewer for pointing this out. Those were the units for the parameters
in the COPASI ODE models. The parameters described in Table S1 are probability values
(ranging from O to 1) and hence do not have any units. The characters have been removed and
the column 3 of Table_S1 has been updated.

b. Also, the sources of the parameter values are not very clear, except for the vague statement

"expert judgement" (Saltelli, Tarantola et al. 2000 is cited, but this is an article on SA and does
not contain parameters).
Response: The values of the parameters for the model presented here are obtained via best
guess based on the qualitative comparison of the computer model outputs with that of the
experimental results obtained from the mouse model of H. pylori infection (Viladomiu,
Bassaganya-Riera et al. 2017) published by NIMML (described here below in the last paragraph
detail).

We want to clarify the practice of using expert opinion is known in the SA field and hence we cited
Saltelli, Tarantola et al. 2000 as it supports the statement. As discussed in (Thorne, Bailey et al.
2007), one of the challenges encountered using ABM is the process of determining the parameter
values, for e.g. this may include the lack of the availability of experimental techniques to measure



such parameters. Since, the source of the parameters is not known we estimated the values to fit
the data obtained from the mouse model of infection.

The experimental results in the mouse model indicated that between weeks 2 and 3 post-infection
a decrease in bacterial burden in the stomach of LysMcre mice was observed as shown in Fig 1A
of Viladomiu, Bassaganya-Riera et al. 2017. The decrease in bacterial burden led to a significant
and sustained lower colonization levels when compared to WT and CD4Cre. Similar to the results
observed in the mouse model, we observed a significant decrease (Fig 2a,d) in the bacterial
burden in the simulated LysMcre group as compared to the simulated WT and CD4cre groups.
Furthermore, the results from the mouse model indicated that a significant increase in numbers
of F4/80hiCD11b+ CD64+ CX3CR1+ cells (here referred to as resident macrophages in this
paper), was observed in WT mice in comparison with LysMcre mice as shown in Fig. 2A, 2E of
Viladomiu, Bassaganya-Riera et al. 2017. These cells accumulated in the stomach mucosa
starting on day 14 post-infection in the WT mice but not in the LysMcre mice. We observed a
similar increase (Fig 2b,e and Fig 2c,f) in the number of resident macrophages as well as
monocyte derived macrophages in the simulated WT groups in comparison to the simulated
LysMcre group.

We updated the manuscript accordingly, please refer to L340-L350 and L654-671.

c. Please in the table explain what mechanism each parameter corresponds to. Some can be
inferred from the name, but it's not very clear.

Response: We thank the reviewer for this valuable suggestion. We added column 2 in Table S1
that describes the detailed mechanism that each parameter corresponds to. We updated the
manuscript accordingly, please refer to L236-L238.

For e.g. 3 rows of the Table S1 are shown below —

Table S1
Name of parameters Description
p_epiinfbactdamage Epithelial cell damage due to infectious bacteria
p_epith1damage Epithelial cell damage due to Th1 cells
p_epith17damage Epithelial cell damage due to Th17 cells

d. Some parameters are not included in the table. For example, the diffusivity of the cytokines
are not listed.

We thank the reviewer for this valuable observation. We listed the diffusivity of the cytokines and
updated the Table_S1.

3. InTable 1 and Table 2, there is a T cell class named "Tr", which is not explained in the text.
Please clarify.

Response: We thank the reviewer for pointing this out. The Tr cells are the type 1 regulatory (Tr1)
T cells that are regulatory subset of T cells, whose expansion is dependent on environmental IL-
10 (produced by Mreg). These are different than iTreg which are T cells differentiated from naive



T cell in presence of tolerogenic dendritic cells and TGF-B cytokine. We clarified this point and
updated the manuscript, please refer L208-211.

4. The authors used a Gaussian emulator as surrogate model for the hybrid model. In line 582,
the authors mentioned that performance is evaluated using diagnostic plots in Figure S4. Please
clarify what the "Observed" data refers to. Are these the same simulations from the training set
which the emulator fitted to, or are these new simulations done? If these are the training set
results, the authors need to run simulations and emulation on a new testing set and evaluate the
performance; if it's already done, please clarify how its done (range of parameters, number of
simulations, etc.)

Response: We thank the reviewer for your careful reading and bringing up the issues in the
description of the original plot. Below please find our response to your comments.

First, the “observed” data, i.e. the X’ axis in the first half of lower panel in Figure S4 (shown here
below as Fig 1a) (please note in the revised manuscript the Figure S4 is now updated and referred
to as by Fig S5.), refers to the observed output values of the simulations obtained after running
the hybrid computer model, whereas the ‘y’ axis refers to the predicted values obtained from the
cross validated model. These diagnostic plots denote the black circles which are the cross
validated prediction. Cross validation is in the sense that for predictions made at design point x,
all observations at design point x are removed from the training set. The second half of lower
panel refers to the standard residual plot wherein the ‘X’ axis represents the observed values
obtained from the simulation and the ‘y’ axis refers to the residual error ({error (predicted values
— observed values) / standard deviation (error)}) obtained.

In fact, the models used for plotting are the cross-validated ones and are not fit using the entire
dataset. Cross-Validation (section 7.10 of The Elements of Statistical Learning (Trevor, Robert et
al. 2009), is a legitimate approach for model assessment and it is especially suitable in our case
because the simulation data is expensive to obtain (each simulation takes ~9-10 minutes to run,
thus 267 parameter sets with 20 replicates = 5,340 simulations. The entire simulation dataset took
us about 2 months to obtain.

Nevertheless, we would like to show that using separate testing and training dataset for model
assessment we obtained similar conclusions as those using the cross validated model.

We randomly split the observed output simulation dataset for one of the datasets (Fig S4 “a’),
Helicobacter pylori in Lamina propria into training (80%) and testing (20%) sets and built the
Gaussian emulator using the mlegp package. As observed in the Fig 1b and Fig 1c below, we
plotted the predicted (values predicted using mlegp) vs. the observed simulation data values for
both the training set (top panel of Fig 1b) and testing sets (top panel of Fig 1c). In the top panels
of Fig 1b, the black circles denote the cross validated prediction points for the training dataset.
Similarly, the top panel of Fig 1c, the black open circles are obtained after plotting the predictions
for testing dataset, made using the model trained on the 80% of the randomly split dataset, vs.
the observed values (known) for the 20% of the randomly split used as testing dataset here.
Additionally, we calculated the standardized residuals for each of the 80% and 20% randomly
split datasets and plotted the standardized residual plots in the lower panels of Fig. 1b and Fig 1c
respectively.

As observed in the bottom panels of the Fig 1a, 1b and 1c the amount of standard residuals
obtained for the cross validated model (Fig S4 a) from the paper and also the one mentioned in
previous paragraph), the training dataset (80% randomly split dataset), and testing dataset (20%
randomly split dataset) respectively, were similar. Thus, here we demonstrated that the results
obtained from the cross-validated model built using mlegp (from Figure S4 a) and as shown here
in Fig 1a) were similar to the results obtained using the cross-validation technique by randomly
splitting the data into 80% and 20% (shown here in Fig 1b and Fig 1c).



Predicted vs. Observed simulation and Residual plots for Cross Validated model
(as shown in lower panel of Fig S4)

Predicted simulation

Standardized residual

Observed simulations

Fig 1a. Original plot from Fig S4 a). The plot shows the predicted vs. observed simulation values
for the Cross Validated (CV) model (top panel) and residual error plot for the CV model (bottom
panel).

Predicted vs. Observed simulation and Residual plots for randomly split 80% of the dataset
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Fig 1b. The plot shows the predicted vs. observed simulation values for the randomly split 80%
of the dataset (fop panel) and residual error plot for the randomly split 80% of the dataset(bottom
panel).




Predicted vs. Observed simulation and Residual plots for randomly split - 20% of the dataset
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Fig 1b. The plot shows the predicted vs. observed simulation values for the randomly split 20%
of the dataset (fop panel) and residual error plot for the randomly split 20% of the dataset(bottom
panel).

We clarified that the observed data refers to observed simulation values and recreated the Figure
S4 (now updated to Fig S5 with updated legends. Please refer to L1045-L1058 in the manuscript.

Reviewer #2: The authors present results from a multi-scale hybrid model of host immune
responses to H pylori exposure in the gut. The paper addresses outstanding questions in this
complex system and overall the results are interesting. Some comments/questions to be
addressed are outlined below.



A key component of the introduction ("double edge sword, p 1 line 4") as well as in the discussion
(p28 line 672 "dual role as pathogen and beneficial organism") mentions the conflicting roles of H
pylori infection - however the results do not clearly connect to help answer this dichotomy. More
detailed analysis/discussion of the results should be provided to clarify the conclusion or the focus
of the intro/discussion should be adjusted to relate more closely to the results currently presented.
Response: We thank the reviewer for this valuable suggestion. This study addresses the
dichotomy in the introduction but mostly focuses on investigating the dynamics that promote the
tolerance to the bacterium in the gastrointestinal mucosa and its systemic immunoregulatory
effects. We view the dichotomy represented by the beneficial effects of regulatory responses
(immune tolerance to the bacterium) in lesion development versus the detrimental actions of
effector responses. Since, the majority of H. pylori-colonized individuals, approximately 85%, do
not present any detrimental effect, we wanted to contribute towards the further investigation of
the dynamics of immunoregulatory mechanisms underlying H. pylori infection using computational
modeling. We emphasized the need for investigation of the immunoregulatory role and the
adjusted the focus of the introduction and discussion to relate more closely to the results
highlighting regulatory immune cells here. We updated the manuscript accordingly, please refer
to L4-L7, L52-L. 54, L62-L65 in introduction and L850-L854 in discussion.

Section 3.4 and p 29 line 694 discuss the involvement of regulatory macrophages and tolerogenic
DCs on the colonization of H pylori. These conclusions appear to be drawn based on correlation
between responses in H pylori and macrophage/DC populations upon epithelial cell proliferation
adjustment (Fig 5). A causal connection between the macrophages/DCs and H pylori is not made
(or is not clear to me from the text). If such a connection is embedded in the mechanisms included
in Table 1 it should be outlined in the results section where the conclusion is made otherwise
simulations targeting the macrophage/DC populations would be needed to confirm this
hypothesis.

Response: We thank the reviewer for pointing this out. We want to clarify that computational
modeling based studies are capable of providing predictive modeling derived insights, however,
any definitive causal connection should be validated in an experimental or clinical setting. In this
study, based on the results obtained from the metamodel based global SA, the epithelial cell
proliferation parameter was shown to an impact on the H. pylori population.

Following these findings which highlighted the importance of epithelial cell proliferation, the
biological hypothesis derived from this prediction is that the epithelial cell proliferation parameter
is responsible for the higher colonization of H. pylori. Prior to conducting any experimental studies,
we wanted to explore the hypothesis using our hybrid computer model in silico and study the
model outputs obtained after we changed the epithelial cell proliferation parameter. Thus, we
varied the epithelial cell proliferation parameter across a varying range of values (0.9-0.1) and
studied its effect on the different output cell population (obtained after running the simulations).
These outputs were the ones obtained after running the simulation using the hybrid computational
model, as we varied the epithelial cell proliferation parameter. We analyzed the outputs from the
hybrid computer model and observed upon decreasing the Epiprolifer from a range of values 0.9-
0.1, the output cell populations with regulatory function, namely regulatory macrophages and
tolerogenic dendritic cells were found to vary. Overall, these cell populations varied due to the
variation in the epithelial cell proliferation parameter.

We want to clarify that such connection was not embedded in the mechanisms included in Table
1 but it represents an emergent behavior from the simulations predicting the involvement of
regulatory and tolerogenic dendritic cells in the mechanisms of immunoregulation during H. pylori



infection. Finally, the simulations targeting the epithelial cell proliferation caused a change in
regulatory and tolerogenic dendritic cell population. This shows that the simulations indirectly
targeted the regulatory and tolerogenic dendritic cell population. Thus, we hypothesize that
epithelial cell proliferation might be responsible for the higher colonization of H. pylori through a
mechanism that involves the regulatory macrophages and tolerogenic cells. This is in line with
our own conclusions drawn from a previous paper (Viladomiu, Bassaganya-Riera et al. 2017)
where we show that the presence of cells with regulatory phenotype favor higher levels of H. pylori
colonization. The results from the sensitivity analysis presented in this paper suggest that
epithelial proliferation might be a crucial part of the mechanisms by which these regulatory
responses are induced and that there is a link between these parameters. The exact biological
process however cannot be inferred from the current model and it will be investigated in follow-
up in vivo studies.

We updated the manuscript with the detailed clarification, please refer to L788-826 and L908-
L915.

3. Clarity is needed on some parts of the methods description:
3.1 P86, line 131: what are the units of the grid dimensions given. Are these the dimensions of a single
grid cell or the entire grid? How are the 4 compartments separated on the grid?
Response : We thank the reviewer for pointing this out. These are the dimensions of the entire
grid. An individual grid cell is 1Tnm x 1nm. The 4 compartments are separated by border
implementation such that the dimensions of the 4 compartments are lumen (2nm), epithelium
(1nm), lamina propria (6nm) and gastric lymph node (2nm). The following compartments are
adjacent to each other:
e Lumen - epithelium
o Epithelium - lamina propria
e Lamina propria — gastric lymph node
We updated the manuscript with detailed model description, please refer to L222-1.232. We also
added a figure describing the grid in the Additional file Fig S2.

3.2 P6 line 149: what data were the ODEs calibrated to? Is there a reference?

Response: The CD4+ ODE model was calibrated using the experimental data provided in the
Table S1 of the reference - Carbo, Hontecillas et al. 2013. The Particle Swarm algorithm
implemented in COPASI was used to determine unknown model parameter values and fully
calibrate the model. The intracellular macrophage ODE model was calibrated using a combination
of sourced and new data generated from in vitro macrophage differentiation studies, compiled
into a dataset provided within S2 file of Leber, Bassaganya-Riera et al. 2016.

We accordingly updated the manuscript, please refer to L155-L166.

3.3 P6 line 150, and p22 line 524: ABM parameters were calibrated to "qualitatively resemble" the
patterns observed in in vivo model. What patterns? What is considered to be qualitatively similar
enough? Do the simulations reproduce the dynamics as well and the endpoint experimental
observations? Inclusion of experimental data alongside the simulations in figure 2 or a description
of the key dynamics (e.g. fold-changes, peak values etc.) would go a long way in communicating
confidence in the model parameters.

Response: We thank the reviewer for their valuable suggestion. The values of the parameters
are obtained based on the qualitative comparison of the model outputs with the experimental



results obtained from the mouse model of H. pylori infection. The simulations reproduced similar
dynamics as described below -

The results in the mouse model indicated that between weeks 2 and 3 post-infection a decrease
in bacterial burden in the stomach of LysMcre mice (lacking PPARg in myeloid cells) was
observed as shown in Fig 1A of (Viladomiu, Bassaganya-Riera et al. 2017). The decrease in
bacterial burden led to a significant and sustained lower colonization levels when compared to
WT and CD4Cre (lacking PPARg in T cells). Similar to the results observed in the mouse model,
we observed a significant decrease (Fig 2a,d) in the bacterial burden in the simulated LysMcre
group as compared to the simulated WT and CD4cre groups.

Furthermore, the results from the mouse model indicated that a significant increase in numbers
of F4/80hiCD11b+ CD64+ CX3CR1+ cells (here referred to as resident macrophages in this
paper), was observed in WT mice in comparison with LysMcre mice as shown in Fig. 2A, 2E of
(Viladomiu, Bassaganya-Riera et al. 2017). These cells accumulated in the stomach mucosa
starting on day 14 post-infection in the WT mice but not in the LysMcre mice. We observed a
similar increase (Fig 2b,e and Fig 2c,f) in the number of resident macrophages as well as
monocyte derived macrophages in the simulated WT groups in comparison to the simulated
LysMcre group. As shown below, the peak of resident macrophages in lamina propria (refer Fig
2b of this paper) was observed at ~16-21 days which was similar to the peak observed in the
CD64+F480hi macrophages at day 21, in Fig 2a described in (Viladomiu, Bassaganya-Riera et
al. 2017). We included the experimental data alongside the simulation and revised the Fig 2 as
shown below.

We accordingly updated the manuscript, please refer to L344-L.350, L654-L671 and updated
legend for Fig 2, L647-L649.
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3.4 P11 line 246: the authors state that they perform global SA of the hybrid computer model. |

believe they mean the metamodel here?

Response: We thank the reviewer for pointing this out. Although, a metamodel was built using
the hybrid computer model, overall the global SA that included two stages —i) screening the
influential inputs using PRCC (which was performed on the outputs from hybrid computer model
simulations) and building a metamodel (using the outputs from the hybrid computer model)



followed by calculating the Sobol’ indices. Hence, we stated that we performed the global SA of
the hybrid computer model.

3.5 P 21 line 480 and 484: parameter values were 'reduced' to emulate biological KOs. By how
much were the parameters reduced?

Response: We thank the reviewer for pointing this out. We added new columns in Table S1 with

the values of the parameters used to emulate the biological KOs. A complete set of parameter for

each of the biological KOs are included as separate columns in Table S1.

To simulate the CD4Cre group, the probabilities of a naive T cell transitioning to an iTreg cell

(p_nTtoiTreg) and Th17 cell differentiating to iTreg (p_Th17toiTreg) were reduced to 5% and 10%

of the baseline (WT) value respectively (refer Table S1). As described in (Carbo, Hontecillas et

al. 2013), to simulate the LysMCre experimental conditions, the probabilities of i) a monocyte

transitioning to a regulatory macrophage (p_MonotoMreg) and iij) immature dendritic cells

switching to tolerogenic dendritic cells (p_iDCtotDC) were reduced approximately to 60% and

30% of the baseline (WT) value, respectively (refer Table S1).

We updated the manuscript with the above listed values, please refer to L602-615.

3.6 The in vivo model is mentioned several times before it is clarified to be a mouse model.
Response: We thank the reviewer for their valuable suggestion. We updated the manuscript and
clarified that the in vivo model is a mouse model.

Comment from the Editor: Further, our series Guest Editor, Paul Macklin has had a quick look
at the manuscript from a reproducibility point-of-view and suggests that you include somewhere
(e.g., in supporting info) the specific examples for this paper, including detailed instructions on
how to create the specific examples presented. Note that our curators also asked for detailed
instructions on how to require detailed instructions for usability - not just code.

In addition, please register any new software application in the SciCrunch.org database to receive
a RRID (Research Resource Identification Initiative ID) number, and include this in your
manuscript. This will facilitate tracking, reproducibility and re-use of your tool.

Response: The RRID (Research Resource Identification Initiative ID) number as assigned by the
SciCrunch.org database is SCR_016918. We included this in the manuscript, please refer to
L180-L182.

Detailed instructions for the usability are described below and also included in Additional file S1.
Detailed instructions on how to create the specific examples presented here are also included.
We accordingly updated the manuscript, please refer to L178-180.

Additional file S1

This file contains the detailed instruction to Install ENISI MSM (Step 1), Run a simulation (Step
) and Conduct Sensitivity Analysis (Step Ill). The jupyter (.ipynb) notebooks (Fig2-
Code.ipynb, Fig3-Code.ipynb, Fig4-Code.ipynb and Fig5-Code.ipynb) include detailed
instructions on how to create the specific figures presented in the paper.



A. How to install ENISI MSM

1.
2.
3.

N oA

©

11.
12.
13.

14

Create a folder for the hybrid computer model: mkdir ENISI/
Change directory to the newly created folder: cd ENISI/
Clone the dependencies required from the ENISI-Dependencies from the NIMML GitHub
repository -
i. git clone --recursive https./github.com/NIMML/ENISI-Dependencies
Change the path to the ENISI-Dependencies folder: cd ENISI-Dependencies
Create a directory build within the folder: mkdir build
Change directory to the directory created in step 5: cd build
Start the installation: cmake ../

make
Change the directory cd

Change the directory to the one created in step 1: cd ENISI/

. Clone the ENISI-MSM model from the NIMML GitHub repository —

i. git clone —recursive https:/github.com/NIMML/ENISI-MSM
Change the directory to ENISI-MSM: cd ENISI-MSM
Create a directory build within the folder: mkdir build
Change the directory to the directory created in step 12: cd build

. Start the installation:

cmake -DENISI_MSM_DEPENDENCY_DIR=PATH TO ENISI-Dependencies
FOLDERY/install ..
make

B. How to run a simulation

9.

10.

Create a folder FolderName to save the simulation results. It is important to place all the
results of every experiment and its respective files in different folders.

Place the files i) config.props ii) run.props iii) job.sh (required only if running on cluster)
iv) CD4.cps v) MregDiff.cps vi) model.props all in the folder where you want the output
files to be saved (i.e FolderName).

model.props is the parameter file wherein you can change the parameters.

run.props and config.props are the configurable files where you can change the number
of TICKS (that is a measure of computational time, i.e stop.at = number of TICKS) and the
size of the grid (in the current model that is set to 1nm).

For running locally, use run.sh
To run on a cluster, use job.sh.

For the -output folder path, change the CONFIG variable and provide path to your folder
i.e /Tnome/username/FolderName.

ENISI executable to be used in the job.sh file is located in /PATH: ENISI/ENISI-MSM/bin
folder that is created in the (installation step, Section A).

Run your job by typing -> sh run.sh (OR) ./ run.sh "path of the folder where you want the
results or sh job.sh (specify the CONFIG variable within).

After the job iscompleted, you will have .log files, .tsv files for all the compartments.



11. The .log file will contain debugging statements if there are any issued in the code.

Additional statments can be added to the source code for confirmation and monitoring the
output.

C. Sensitivity Analysis

Stage 1 Initialization

Parameters.xlsx -> Contains the maximum and minimum values of the input parameters
and information about which parameters are fixed.

Generate the Input parameter design matrix (P1) using - design_matrix_generation.m;
(NOTE: Comment out the Stage 2 part of the code).

Each row in P1 corresponds to the different values of the parameters to be used in the
model.props files.

Run the simulation using the hybrid computer code as described in Section B.

Stage 1 Analysis

1.

2.

o

Run the simulations (152 x 20 replicates) for each input parameter setting obtained from
P1 (see above, step 2 in the initialization stage).

Convert the data into .csv file format:
a. 1% column: time points information (i.e. Ticks),
b. 2" column mean values and
c. 3" column standard deviations

All the information will be obtained from the ENISI-MSM output runs.

Run Stage1-PRCC.ipynb - Formats the data to be used for the PRCC analysis and
calculates the PRCC coefficients. (The code generates a data frame with rows from the
Parameters.xlIsx file and average of the output obtained for that parameter setting in the
last column).

Plot the PRCC graphs using Stage1-PRCC_barplots.R

Alternatively, use Fig3-Code.ipynb jupyter notebook to recreate the figures in the paper.

Create an excel sheet with information about the active and inactive inputs from PRCC -
PRCC_activeinactiveinputs-added.xIsx.

Stage 2 Initialization

Generate the Input parameter design matrix (P2) using — i) design_matrix_generation.m
(NOTE: Comment out the Stage 1 part of the code) and ii) information regarding the active
and inactive inputs present in PRCC_activeinactiveinputs-added.xlsx file.

Run the simulation using the hybrid computer code as described in Section B.



Stage 2 Analysis

1. Run the simulations (115 x 20 replicates) for each input parameter setting obtained from
P2 (see above, step 1 in the initialization stage).
2. Convert the data into .csv file format:

a. 1% column: time points information (i.e. Ticks),
b. 2" column mean values and
c. 3" column standard deviations.

All the information will be obtained from the ENISI-MSM output runs.

3. Combine all the outputs obtained from P2 and P1. (outputs obtained after running
simulation for P1 from Stage 1, Section C and for P2 from Stage 2, Section C).
Create folders for each of the cell (cells are represented as agents in each compartment)
populations and save the files from step 2, Sage 2, Section C.

4. Run StageZ2-inputfilegeneration.m and save the output as .mat file to be used to build a
temporal metamodel.

5. Build a temporal metamodel using Stage2-BuildTempMM.R and save the output as
.Rdata dataset.

6. Calculate the Sobol Indices using Stage2-SA-temporal6tps.R. The input to the code
includes the .Rdata obtained from the previous step 6 (stage 2 Analysis, Section C) and
the datasets obtained after running Sobolindex_data_generation.m.
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