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Abstract. The SIR model is used to describe the dynamics of infectious diseases. With the availability of vaccines,

we consider susceptible, infectious, recovered, and vaccinated individuals, and investigate the interplay
between such states. We refine an existing SIR kMC model to simulate the dynamics between infectious
states over time. In doing so, we implement vaccination into the current SIR model, incorporate additional
parameters into the model that affect state transitions (such as age, mobility, social activity, etc.), and
employ the cell-list method to compute interactions between individuals based on spatial locations. These
three aims work in tandem to effectively simulate infectious disease progression by first building a base
model with vaccination, extend this to weighted, faceted person-level dimensions, and consider the spatial
configurations of individuals. This framework demonstrates a holistic approach to disease modeling as the
SIRV and SIRV model with facets validate one another, while the incorporation of cell-listing speeds up
the SIRV models.
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1. Introduction. Infectious disease modeling plays an important role in understanding how dis-
eases spread through a population and how public health interventions may affect that spread. Clas-
sical compartmental models, such as the SIR model, describe population-level transitions among
susceptible, infected, and recovered individuals. While these models provide a useful mathematical
foundation, they often rely on simplifying assumptions such as homogeneous mixing and aver-
aged population behavior. In many real-world settings, however, disease transmission depends on
individual-level differences, spatial movement, local interactions, and intervention mechanisms such
as vaccination.

To incorporate these features, this study considers a kinetic Monte Carlo (kMC) framework for
infectious disease dynamics. In this setting, individuals are represented as agents whose health
states change according to probabilistic rules [14]. Rather than describing only the average be-
havior of the population, a kMC-based simulation allows us to model stochastic transitions among
susceptible, infected, recovered, and vaccinated states at the level of individual agents. This makes
the framework suitable for studying how local interactions, personal characteristics, and random
events influence the overall disease dynamics.

Recent work in infectious disease modeling has increasingly emphasized agent-based and stochastic
approaches, especially when individual heterogeneity, mobility, spatial structure, and intervention
strategies are important. These approaches provide greater flexibility than purely deterministic
compartmental models, but they also introduce new computational challenges. In particular, when
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infection probabilities depend on pairwise distances or local contacts among individuals, the cost of
checking all possible interactions can become expensive for large populations. Therefore, improv-
ing both the biological realism and the computational efficiency of such models is an important
direction.

Motivated by these considerations, our study is organized around three related research questions.
First, we refine an existing kMC model by incorporating vaccination and additional transitions
among susceptible, infected, recovered, and vaccinated states. Second, we investigate how weighted,
faceted person-level dimensions can influence transition probabilities in a heterogeneous popula-
tion. Third, we explore a more efficient method for determining the probability that a susceptible
individual becomes infected in a restricted domain. These three directions are developed through
three approaches. The first two approaches extend the structure of the SIRV model by modifying
state transitions and individual-level representations. In contrast, the third approach focuses on the
computational implementation of the infection process by introducing a cell-list method to reduce
the cost of local interaction searches. Together, these approaches aim to improve the flexibility,
realism, and efficiency of kMC-based infectious disease simulations.

e RQ1: How does the implementation of vaccination into the current kMC SIR model affect
the interaction between susceptible, infectious, recovered, and vaccinated states?

e RQ2: How do weighted, faceted person-level dimensions influence transitions among sus-
ceptible, infected, recovered, and vaccinated states in a kMC SIRV model?

e RQ3: What is a more efficient method for determining the probability a susceptible indi-
vidual becomes infected in a bounded domain?

2. Theory and Methods. Building on the methodological gap outlined above, this study adopts
a phase-based modeling approach organized into three stages: Approach 1 (A1), Approach 2 (A2),
and Approach 3 (A3). Each stage extends the previous model by introducing additional complexity
to the representation of individuals and their transitions among susceptible, infected, recovered, and
vaccinated states. The following subsections describe the purpose, structure, and implementation
of each approach.

2.1. Approach 1. We describe the kMC methods used to transition from various states: sus-
ceptible, infected, recovered, vaccinated. In modifying the SIR model, we introduce a return from
recovered to susceptible and a possible transition from susceptible to vaccinated, as depictied in Fig-
ure 1. We refine the currently existing kMC model by considering immunity levels and vaccination
rates, and discuss the advantages of the kMC model over the ODE model.

Figure 1: Standard SIRV model.
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2.1.1. kMC Approach to the base SIRV Model. The population consists of N = 1000 indi-
viduals and observed over a period of T' = 365 days. Each individual belongs to one of four states:
Susceptible (S), Infected (I), Recovered (R), or Vaccinated (V). Individuals move continuously
within a square domain of side length L = \/N/p, where p = 0.5 is the population density per unit
area.

At each time step, the infection exposure for a susceptible individual 7 is calculated as:

2,
PZ':ZSA(j)eXp<—2 g 5
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where s4(j) € [0, 1] is the social activity level of infected individual j,

ri; =/ (xi — ;)% + (y; — y;)? is the distance between individuals ¢ and j, and o, determines the
spatial range of infection. The Gaussian kernel ensures that nearby infected individuals contribute
more strongly to the infection risk than distant ones.

The model assumes some rules which are defined as follows. Individuals undergo Brownian motion
at each time step with periodic boundary conditions. An infected individual recovers deterministi-
cally after 14 days of infection. Upon recovery, each individual receives immunity for some amount
of time, which is chosen from a mixture of fast and slow-waning exponential distributions, stored
as ImmunityTime. Once an individual’s recovery period, SARdays, meets their assigned Immuni-
tyTime, they return to the susceptible state and individuals transition from R — S. At each time
step, each susceptible S individual is independently vaccinated with probability p and moved from
S — V. Vaccinated individuals V are assumed to be fully immunized for this base model and do
not transition back to susceptible.

2.1.2. kMC Approach to the Bidirectional SIRV Model. In this section, we extend the previ-
ously developed SIRV model by incorporating a reverse transition from the vaccinated compartment
(V) to the susceptible compartment (.5), thereby making it bidirectional as illustrated in Figure2.
This extension accounts for the fact that vaccine-induced immunity is temporary and diminishes
over time. We assume that vaccinated individuals are protected for a constant period, referred to
as the Vaccine Immunity Duration (VID). After this period has elapsed, immunity wanes, causing
individuals to re-enter the susceptible class and become eligible for infection.

Figure 2: SIRV model with waning immunity and vaccination.

For this bidirectional model, we consider two different cases regarding the duration of naturally
acquired immunity. In the first case, we assume that all recovered individuals possess the same
constant natural immunity duration, denoted by ID. Consequently, individuals in the recovered
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compartment return to the susceptible class after a fixed period. In the second case, we consider
a more realistic scenario in which the duration of natural immunity varies among individuals.
Some recovered individuals experience rapid waning of immunity, while others retain immunity
for a longer period. This heterogeneous immunity structure better reflects what is observed in
real-world populations.

Finally, we compare the outcomes of these two cases to investigate the impact of uniform versus
heterogeneous immunity durations on disease transmission dynamics.

2.2. Approach 2. This section documents the theoretical armature that serves as the foun-
dation for the Approach 2 (A2) model. Specifically, A2 seek to explore how weighted, faceted
person-level dimensions shape transitions among susceptible, infected, recovered, and vaccinated
states in a kMC SIRV model. This discussion begins in subsection 2.2.1 by situating susceptibility
factors within Gérdenfors’s theory of conceptual spaces [7], establishing how person-level dimen-
sions can be represented as properties of susceptibility. It then turns to an overview of the solution
package architecture in subsection 2.2.2, which outlines how these theoretical commitments are
translated into a modular OOP computational workflow. Additionally, subsection 2.2.3 describes
the synthetic data generation and population initialization process used to instantiate heterogeneous
agents. Finally, subsection 2.2.4 details the simulation model design and rationale; with particu-
lar attention to how the A2 model extends the baseline SIRV structure through facet-informed
individual representation.

The results and analysis for A2 are addressed in section 3.2.

2.2.1. Susceptibility Factors in Conceptual Space. The A2 model begins by developing a
grounded, faceted understanding of a person as represented within the SIRV model. In S.R. Ran-
ganathan’s theory of faceted classification, complex entities can represented through analytically
distinct facets; allowing a subject to be decomposed into meaningful semantic attributes of descrip-
tion [17]. This establishes a useful foundation for identifying attributes through which a synthetic
individual may be represented, such as demographic, geographic, behavioral, and epidemiological
characteristics. However, the extended A2 model requires more than the identification of facets
as discrete descriptive attributes. A2 posits that susceptibility should thus be understood not as
a fixed or binary condition, but as a variable property shaped by the configuration and relative
intensity of individual attributes. For this reason, the A2 model extends faceted representation
through the adoption of Gérdenfors’s theory of conceptual spaces [7, 9]. As summarized in Fig-
ure 3, the translation of facets into orderable dimensions allows the A2 model to support graded
differentiation between individuals. This dimensional structure enables the construction of a per-
son concept: a synthetic individual representation in which susceptibility functions as the central
property, defined through six underlying dimensions.

Géardenfors’s conceptual spaces model provides the theoretical structure for the A2 extension, or-
ganizing representation across three hierarchical levels: dimensions, properties, and concepts [7, 9].
Dimensions define the underlying axes of a conceptual space, allowing synthetic individuals to be
positioned and compared according to measurable or orderable forms of variation. In A2, these axes
are specified as age, comorbidity, social activity, geography, mobility, and vaccine acceptance. For
example, mobility is encoded as immobile, assisted, or independent. Although initially identified
through faceted representation, these values reflect ordered degrees of mobility and are therefore
modeled as a dimension capable of supporting meaningful comparison within conceptual space.

From these dimensions, properties emerge as meaningful regions or configurations within the con-
ceptual space. In the present model, susceptibility functions as an organizing property, orchestrat-
ing the six dimensions into a coherent basis for individual variation. The resulting person concept
operates as the representational unit for each synthetic agent: a structured individual profile in
which susceptibility is expressed through dimensional position rather than assigned as a uniform
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Representing a Person: Facet Analysis vs. Contextual Conceptual Space
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Figure 3: Representing person-level susceptibility factors as discrete facets and as contextual di-
mensions within a conceptual space [17, 7, 9].

population-level parameter.

Beyond the hierarchical relation between dimensions, properties, and concepts, two features of
Gérdenfors’s model are especially relevant to A2: weighting and dynamics. Weighting is particularly
germane, as Gérdenfors states that “salience is context-dependent” [8, p. 38|, with weights used
to structure similarity judgments within conceptual space. The A2 model adopts this position
epistemologically, applying weights according to the social and epidemiological conditions encoded
in the simulation. This allows the same set of dimensions to contribute differently to susceptibility
as risk, exposure, and vulnerability are defined within a given modeling context. Dynamics captures
the possibility that conceptual representations may shift as new information is introduced. While
A2 initializes susceptibility from static synthetic dimensions, this dynamic capacity provides a
theoretical basis for future extensions in which person-level susceptibility may be updated across
simulation executions.

2.2.2. Architecture of the Solution Package. The A2 solution package was implemented in
Python 3.14.6 using a modular object-oriented programming (OOP) design, with the associated
software package archived through Zenodo [2]. As shown in Figure 4, the architecture separates
input configuration, synthetic data generation, simulation control, reaction logic, and analysis into
distinct components. This structure supports maintainability and reproducibility by allowing each
module to perform a specific function within the broader simulation workflow [22].

The full workflow is driven by YAML and JSON configuration files, which define the model param-
eters, population settings, and risk multipliers used during execution. This architecture decision
removes the need to directly edit source code when adjusting simulation conditions. The synthetic
data generator initializes the population, assigns person-level dimensions, identifies the initially
infected population, and establishes starting positions for kMC movement. Further details on this
generator module are presented in 2.2.3. The simulation module then controls the looping structure
across time spans and epochs, while the reactions module contains the functions used to calculate
and perform SIRV state transitions. These interactions are described in detail in 2.2.4. Finally,
the analysis module provides standard SIRV outputs alongside dimension-based comparisons, al-
lowing results to be examined both at the population level and through the weighted person-level
dimensions introduced in A2.

2.2.3. Synthetic Data Generation and Population Initialization. The synthetic data generator
module serves as the initialization point for the A2 simulation pipeline. Its purpose is to generate
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Figure 4: Architecture of the A2 solution package, showing the configuration-driven workflow
connecting synthetic data generation, simulation control, reaction logic, and analysis.

a schema-aligned synthetic population of people, assign each person a unique GUID, and initialize
both static person-level dimensions and dynamic SIRV-related states. The module is driven by
the configuration files described in subsection 2.2.2, which specify population size, initial infection
count, random seed, sampling weights, and infection risk multipliers. This configuration-driven
structure allows the population generation process to be reproduced without direct modification to
the Python source code. The configured sampling weights and infection risk multipliers used for
A2 are summarized in Table 1.

Dimension Encoded Value Population Weight Risk Multiplier
Age 0-17 0.22 0.50
Age 18-49 0.45 0.75
Age 50-64 0.20 0.75
Age 65+ 0.13 1.00
Comorbidity True 0.25 1.00
Comorbidity False 0.75 0.50
Social Activity High 0.25 1.00
Social Activity Medium 0.50 0.75
Social Activity Low 0.25 0.50
Geography Urban 0.80 1.00
Geography Rural 0.20 0.50
Mobility Independent 0.85 1.00
Mobility Assisted 0.12 0.75
Mobility Immobile 0.03 0.50
Vaccine Acceptance True 0.75 0.50
Vaccine Acceptance False 0.25 1.00

Table 1: Encoded values, population weights, and risk multipliers for the six dimensions used in
the A2 model.

Each generated agent is assigned six static dimensions: age, comorbidity, social activity, geography,
mobility, and vaccine acceptance. Age represents the individual’s age group and provides a demo-
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graphic basis for differentiating susceptibility [3, 13]. Comorbidity indicates whether an individual
has one or more underlying health conditions, allowing the model to represent medically relevant
variation in infection risk [18, 21]. Social activity approximates the degree to which an individ-
ual participates in contact-generating activity [12], while geography distinguishes between urban
and rural settings [16, 20]. Mobility captures whether an individual is independent, assisted, or
immobile, providing an ordered dimension through which movement can be represented [10, 23].
Finally, vaccine acceptance indicates whether an individual is willing to accept vaccination, linking
person-level attributes to vaccination-related state transitions [6, 11, 19].

For population generation, each dimension is assigned according to configuration-defined sampling
weights. These weights determine the probability that a given encoded value will be assigned
to a synthetic individual during generation. For example, social activity is sampled across high,
medium, and low activity levels, with medium activity assigned the greatest probability (high =
0.25, medium = 0.50, low = 0.25). In this way, the generator controls the composition of the
synthetic population prior to the application of infection risk multipliers.

Infection risk multipliers are distinct from these generation weights: the former modify how assigned
dimensions contribute to infection risk during simulation, while the latter shape the composition
of the synthetic population. The infection risk multipliers operationalize the conceptual spaces’
salience-weighting logic introduced in subsection 2.2.1. In A2, these multipliers specify how strongly
each dimension value contributes to transition behavior across susceptible, infected, recovered, and
vaccinated states. This allows the same generated population to be interpreted through a context-
sensitive risk structure, where person-level dimensions do not merely describe agents but modify
their transition probabilities.

After static dimensions are assigned, the module initializes the dynamic SIRV states by randomly
seeding the initially infected population from the generated agents. The remaining agents are
initialized as susceptible, with recovered and vaccinated populations set according to the configura-
tion. Finally, the generator assigns initial spatial coordinates and supports Brownian-motion-based
position updates for the kMC simulation. The resulting synthetic population is then exported as
the starting agent layer for the A2 simulation.

2.2.4. Model and Simulation Design. We perform a kinetic Monte Carlo (kMC) simulation of
a stochastic agent-based SIRV model, where agents update their positions every day via Brownian
motion. In our SIRV model, agents are grouped into four infection states: susceptible, infected,
recovered, and vaccinated. Let Status;(t) be the status of individual 7 at time ¢. The probability of
an individual changing from susceptible to infected is a function of their distance to other infected
individuals and infection risk multipliers. We have that

I, with probability P; if Status;(t) = S

Status;(t), otherwise,

Status;(t + 1) = {

where

r2.
P, = min I,Z <H Mjk) exp (—2015

JET \kER Inf

Here 7 is the set of infected individuals, R is the set of risk factors, including age, comorbidity,
social activity, geography, mobility, and vaccine acceptance, Mj;, is the risk multiplier for infected
individual j € Z and risk factor £ € R, and r;; is the Euclidean distance from susceptible individual
1 to infected individual j € 7.

An individual recovers from an infection after an infectious period that is Geometric(p,cq)-distributed
with mean 1/p;eq:
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where pyeq = 1 — e~ /7red, For large Tyeq, we have 1/preq = 1/(1 — e 1/Ted) & 1y0q, since e * ~ 1 —z
for small z, so the mean infectious period is 7ycq days.

After an individual is recovered, they become susceptible after an immunity duration. The state
changes from recovered to susceptible according to:

S, with probability pyq if Status;(t) = R
Status;(t), otherwise,

Status;(t + 1) = {

where pgq = 1 — e~1/™4, 5o that the immunity duration is Geometric(pyq) with mean ~ 7,q days.

The probability that a susceptible individual becomes vaccinated is a function of their risk multi-
pliers and a Poisson distribution, which was chosen to simulate true vaccination rates in the United
States in 2020 [4]. In particular,

V, with probability pyac if Status;(t) = S

Status;(t + 1) =
i ) {Statusl-(t), otherwise,

where pyac = min {1, max (0, [Tcx Mir - Poisson(0.008)) }.

Similar to the transitions above, a vaccinated individual loses vaccine-induced immunity and returns
to susceptible with daily probability pyq =1 — e~ je.

Status;(t + 1) S, with probability p.q if Status;(t) =V
atus; =
' Status;(t), otherwise,

where pyq = 1 — e /™4 g0 that the vaccine-induced immunity duration is Geometric(pyq) with
mean ~ T,q days.

2.3. Approach 3. The previous approaches introduced the overall SIRV framework. In this
section, we focus on one specific component of this model: the infection transition from susceptible
individuals to infected individuals, namely, S — I. Since this transition requires evaluating local
interactions between susceptible and infected individuals, its direct computation can become costly
as the population size increases. Therefore, our goal is to compute this infection process more
efficiently.

Approach 3 presents a numerical method for efficiently computing local interactions between indi-
viduals in the agent-based simulation. The method is based on the cell-list algorithm [1], which
organizes susceptible and infected individuals according to their spatial locations to accelerate
neighborhood searches.

Here, we consider three primary discussions. First, we introduce the cell-list method, highlighting
its computational advantages and implementation. Second, we develop two heuristic strategies that
extend the standard cell-list algorithm: one for selecting an appropriate cell side length and another
for determining the cell-list update frequency. Finally, we evaluate the computational efficiency and
modeling accuracy when incorporating the customized cell-list method into the kinetic Monte Carlo
(kMC) simulation.

2.3.1. Introduction of the Cell-List Method. In the agent-based simulation, each individual
is represented as a particle moving in a bounded two-dimensional square domain. To determine
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possible local interactions, such as infection events, we need to identify individuals who are close
to each other.

For this purpose, we use the cell-list method. The simulation domain is divided into square cells
with side length l... Each individual is assigned to a cell according to its current position. If the
position of individual 7 is

X; = (xiv yl)v

then the corresponding cell index is given by

Sl [l R ]
‘ lceH’ Y lcell '

Let r. denote the cutoff radius for local interactions. That is, two individuals separated by a
distance larger than r. are not considered to interact. The cell size is chosen so that [15]

leenl > Te.

With this choice, any two individuals whose distance is less than or equal to 7. are located either in
the same cell or in neighboring cells. Therefore, the cell-list provides a systematic way to identify
candidate pairs for local interactions.

When computing the infection probability for a susceptible individual ¢, we only compute distances
for infected individuals in the same cell as ¢ or in any of the 8 neighboring cells.

2.3.2. Advantage of the Cell-List Method. The main advantage of the cell-list method is the
reduction of computational cost. Without the cell-list method, all possible pairs of susceptible and
infected individuals must be checked. For a population size N, the number of pairwise distance
calculations required by the direct approach will grow according to O(N?).

Using the cell-list method, however, each individual is compared only with individuals located in
the same or neighboring cells. If the population is approximately uniformly distributed, the average
number of individuals in each cell remains bounded as N increases. As a result, the total number
of distance computations grows approximately linearly with N [1]. This reduction is important
for large-scale simulations because it allows local interactions to be computed efficiently without
checking every possible pair of individuals.

2.3.3. Local Interaction Search. Let C, and Cg be two neighboring cells. For each pair of
individuals
Pa € Co,  pp € Cp,

we compute the squared distance between them:

% = [l — x5l

If 2 < 72, then the two individuals are considered to be within the interaction range. For example,
in the infection model, this pair is used to compute the infection probability.

This cutoff check is still necessary because not all individuals in neighboring cells are necessarily
within distance r.. The cell-list method only provides candidate pairs, and the exact distance
condition is checked afterward.

We impose periodic boundary conditions on the square simulation domain. Let the domain be

[0,L) x [0, L).
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~
Figure 5: Schematic illustration of periodic boundary conditions on a two-dimensional square
domain. Identifying one pair of opposite boundaries forms a cylinder, and identifying both pairs

of opposite boundaries yields a torus. Thus, a particle leaving the domain through one boundary
re-enters from the opposite boundary.

N
N

Under periodic boundary conditions, an individual leaving one side of the domain re-enters from
the opposite side. After updating the position of individual i, we wrap the position back into the
domain by

x; + x; mod L, y; < y; mod L.

This boundary condition removes artificial boundary effects and treats the simulation domain as a
periodically repeated space.

When periodic boundary conditions are used, the distance between two individuals must be com-
puted carefully. Two individuals may appear far apart in the original square domain, even though
they are close across the periodic boundary.

To account for this, we use the minimum image convention. For two individuals located at
Xi:(xivyi)v Xj:(xmy]):
we first compute the coordinate differences

Ar=wm —xj,  Ay=yi—y;

Then we apply the periodic correction:

Ax

Az + Az — Lround <L> )

Ay + Ay — Lround <ALy> .

The periodic distance between the two individuals is then computed as

rij =V (Az)* + (Ay)?.

This distance represents the shortest distance between the susceptible individual ¢ and the infected
individual j in the periodically repeated domain. Therefore, interactions across the boundary are
treated consistently with interactions inside the domain.

2.3.4. Cell Side Length. The cell-list method divides the simulated domain into cells with
side length greater than or equal to the cut-off radius of the interaction to be computed. In our
simulation of an infectious disease, the simulated domain is a square of side length L, and the
cut-off radius is related to the infectiousness of diseases. The cell side length [..; represents the
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spreading the virus to the center of the neighborhood in all directions

maximal distance that an infected individual can transmit the virus to a susceptible individual. In
an effective simulation, an appropriate l.o should substantially reduce the number of individuals in
the neighborhood of a selected susceptible individual, thereby lowering the computational cost. At
the same time, it must ensure that any excluded infected individuals pose no risk of infecting the
selected susceptible individual, thereby preserving the accuracy and reliability of the simulation.
In the following, we are going to discuss how to choose an appropriate .o from two perspectives
of our simulation.

Recall that we describe the infectiousness of the disease as a standard deviation oy, If a infected
person is located at the origin, the virus will be spread in the x and y direction following a normal
distribution N(0, 0% ;). Using properties of the normal distribution, we assume 95% of an infected
person’s infectiousness is within 2o7,¢ of them. In other words, for each susceptible person, we want
to monitor the number of infected in a neighborhood of radius 207, around them.

Assume that the susceptible individual is located at the center of a cell, and that its neighborhood
consists of the cell itself together with the eight adjacent cells, as showed in Figure 6. Choosing
leel = %O'Inf ensures that any infected individual outside this neighborhood is at least 2oy, away
from the susceptible individual. Under this assumption, an infected individual on one of the four
edges of the neighborhood can transmit at most 2.5% of the virus concentration to the susceptible
individual at the center, whereas an infected individual on a diagonal corner can transmit at most
0.23%. Since the transmission percentage decreases rapidly with distance, the contribution from
infected individuals located beyond this neighborhood is negligible. Therefore, it is reasonable to
assume that a susceptible individual is not at risk of infection from infected individuals outside
this neighborhood. Consequently, lee = %O’Inf provides a suitable balance between computational
efficiency and simulation accuracy.

Another way to find an acceptable l.¢ is by examining the mathematical expression of the transmit-
ting probability between the infected and susceptible individual, which is described by a Gaussian

function of distance )
re.
P, = Zexp <—2 5 ) X fjs
J

Ofnf

where f; is a factor that parametrizes the j-th infected person’s conditions, r; is the location of the

i-th healthy person, and r; is the location of the infected person. In the present model, we choose

the quantity 7; — r; to associate with the spatial scale of infectiousness, that is (r; — rj)z = CQO'?nf,

where c is a constant. Implementing the cell-listing method, we want the infected people outside
the cell that are negligible, that is, for the j’s outside of the neighborhood

2 2 2 2
T co0o; c

exp |— g = exp —72mf =exp |——| ~
2O-Inf 2O-Inf 2
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And if the i-th susceptible person is at the center of its neighborhood, 7;; > %lcelly then l.op = %CO’Inf.
The parameter ¢ provides a simple way to control I in order to balance between accuracy and
computational efficiency. The most direct mathematical bounding method controls the maximum
structural error we are willing to accept by omitting interactions beyond the neighborhood. That

is, for some tolerance € > 0, we have

2

exp[_;]«:czm.

For example, if we set € = 1075, ¢ > 5. Usually, selecting ¢ € [3, 5] captures between 99.73% (3012nf)
and 99.99% (502;) of the spatial interaction probability density. Depending on the modeling
setting, the user can choose relevant parameters to bound c. In the infectious disease modeling, €
can denote the population density of infected people outside of the cell neighborhood.

2.3.5. Frequency of Updating the Cell-List. To save on computational time, we may consider
keeping the same cell-list for several time steps. Indeed, if the cell size greatly exceeds the expected
change in position of each particle, we expect that most particles will remain in their current cell for
several iterations. The number of time steps for which we can keep the same cell-list will depend on
the mobility of the particles (i.e., the Brownian Motion variance o), and the size of each cell [15].

We propose updating the cell-list every

o[

time steps. Appendix A contains our derivation of this heuristic by considering escape times of
a planar Brownian motion from a square domain. In particular, if the cell size is large and oy
is comparatively small (i.e., the population is less mobile than the disease is infectious), we can
maintain the same cell-list for many iterations before updating it.

3. Results and Discussion.

3.1. Approach 1. Results are averaged over ng, = 500 independent simulation runs. As
shown in Figure 7, increasing the initial number of infected individuals leads to earlier outbreaks,
reaches the infection peak sooner and with a higher value, and we notice that long-term dynamics
of the population remain almost similar. This suggests that the initial infected count influences the
timing and intensity of the outbreak. Figure 8 demonstrates if we reduce social activity, it lowers
the infection peak and delays the transmission of the disease. Overall, we see that social activity
is a key driver of disease transmission, and reducing it decreases the severity of the disease, and
vaccination effectively suppresses infection.

The SIRV model presented here captures several important features of epidemic dynamics, including
spatial heterogeneity in contact patterns, individual variation in social activity, and stochastic
fluctuations in transmission events. The results suggest that the model reflects how mobility,
social activity, temporary immunity, and vaccination jointly shape the spread and persistence of
infection over time. When implementing vaccination into the currently existing SIR model, we
consider both the number of initially infected individuals and social activity levels. The number of
initially infected individuals affects how early the outbreak occurs and its intensity, with increasing
infected individuals leading to higher infection peaks. Social activity is a major catalyst for disease
transmission as lower levels of social activity lead to lower infection peaks and and delay disease
progression. The bidirectional model considers the effect of waning immunity. After an individual
is vaccinated, they eventually transition back into a susceptible state, leading to a rise in susceptible
and decline in vaccinated individuals.
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SIRVS KMC | N=1000, T=365, | =10, ID=45, VID=120, Hday =14
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Figure 9: Bidirectional kMC for SIRV (case 1).

Figure 9 illustrates the results of our simulation over a period of 365 days for a population of 1,000
individuals. Initially, there are 10 infected individuals, each of whom remains infectious for 14 days
before recovering. The natural immunity duration is assumed to be 45 days, while the vaccine
immunity duration is taken to be 120 days.

From the figure, it can be observed that as the number of infected individuals increases, the sus-
ceptible population decreases accordingly. After the initial 14-day infectious period, the first group
of infected individuals recovers, resulting in an increase in the recovered population, which remains
zero during the first 14 days. As more individuals recover, the recovered compartment continues
to grow and eventually reaches a peak. Thereafter, the number of recovered individuals begins to
decline as their natural immunity expires and they return to the susceptible class.

Vaccination is introduced from the beginning of the simulation, causing the vaccinated population to
increase gradually. However, since vaccine-induced immunity is temporary, vaccinated individuals
eventually lose immunity and transition back to the susceptible class. This accounts for the increase
in the susceptible population and the corresponding decrease in the vaccinated population observed
toward the end of the simulation.

By the end of the 365-day period, all infected individuals have recovered, since each infected
individual remains infectious for no longer than 14 days. Consequently, the infected compartment
approaches zero. Similarly, the recovered compartment eventually declines to zero as individuals
lose their natural immunity and re-enter the susceptible class. Overall, the long-term behavior of
the model reflects the effects of waning natural and vaccine-induced immunity on the population
dynamics.

SIRVS KMC | N=1000, T=365, | =10, VID=120, H,_ =14
1000 : : : . . . e

900 f ¢
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800 [f«

o
700
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500
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Figure 10: Bidirectional kMC for SIRV (case 2).
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In Figure 10, the result for the second case is presented. A similar qualitative behavior is observed
during the initial stages of the simulation. However, towards the end of the 365-day period, the
recovered population does not decline to zero. This behavior reflects the presence of heterogeneous
natural immunity durations within the population.

In this case, individuals do not share a uniform immunity period. Instead, some individuals experi-
ence relatively rapid waning of immunity and return to the susceptible class at earlier times, while
others retain immunity for a longer duration before transitioning out of the recovered compartment.
As a result, the recovered class persists over time, since a portion of the population continues to
remain immune throughout the simulation period.

3.2. Approach 2.

3.2.1. Simulation Setup. As described in Section 2.2, we model the epidemic as a stochastic
agent-based SIRV process, simulating Ng, epochs of a population of N individuals, with each
epoch evolving all N individuals for Ty, days. Each of IV agents carries static risk attributes
(age, comorbidity, social activity, geography, mobility, vaccine acceptance), each mapped to an
infection-risk multiplier. The state advances in daily steps: agents undergo Brownian displacement
(step standard deviation opyr) on a periodic square domain of side L = /N/p, then five stochastic
reaction channels fire — S — I (spatial Gaussian transmission kernel of width or,¢, weighted by
susceptible risk multipliers), I - R, R— S, V — S (exponential waning with means 7,4, Tsd, Tvd),
and S—V (vaccination).

The relevant disease parameters for this suite simulations and default parameters are included in
Table 2.

Table 2: Simulation Parameters and Baseline Defaults

Parameter Meaning Base default

Ngim Number of stochastic runs aggregated 250

TSpan Simulated days 365

N Number of agents 1000

initInfected Seed infections 1

seed Base random-number-generator seed 12345

Olnf Spatial transmission kernel width, in meters; 2.4
larger values imply longer-range infection

Tred Mean infectious period, I — R, in days 14

Tvd Vaccine effective duration, V' — S waning, in 180
days

Ted Post-infection immunity duration, R — S wan- 90
ing, in days

0 Population density, measured in agents per m?; 0.1
sets domain size L = \/]W

OBM Brownian daily movement step standard devia- 25.0

tion

We perform sweeps overs four illustrative disease and population parameters, encompassing aspects
of the distribution of population facets, as well as environment conditions. For each parameter that
is being swept over, the remaining simulation parameters are set according to the default simulation
values and population weights reported in Tables 2 and 1 respectively.
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To explore how the disease dynamics change for different environments and populations, we compute
two primary statistics relating to the rate of spread of the disease under a given set of initial
conditions. For each epoch we estimate the early exponential growth rate (daily) 7, the
doubling time In2/7, and the takeoff probability P(takeoff).

e 7 is estimated by fitting an exponential curve to the early growth period of an epoch,
e P(takeoff) is estimated as the proportion of epochs in which the infected population grows
to at least 5 times the initial infected population.

For the purposes of this exploratory experiment we vary four input parameters

e Population Density p,

e Brownian Daily Movement Step Standard Deviation opay,

e Age Cohort Weights (fraction of the population in each of groups [< 18,18 — 49, 50 — 64, 65+]),
e Vaccine Acceptance (proportion of the population whose encoded value is True).

3.2.2. Parameter Sweep Results. For each of the previously described parameter sweeps,
we report the median early growth rate 7, doubling time, and proportion of runs that achieved
takeoff, across 250 simulation runs. Estimated disease statistics are reported in Tables 3-6, as
well as visualized in Figures 11- 14. The associated median SIRV curves with respect to time and
confidence bands for each set of simulations can be found in Appendix B.

Population Density. We observe that the growth rate and probability of takeoff increase mono-
tonically with p, achieving a 99% probability of takeoff at a density of 1 agent/m?, while at a
density of 0.05 agents/m? (1 agent/(20m?)) only half of runs achieved takeoff rather than quickly
fading out.

Brownian Daily Movement As the agents travel farther in each time step, the growth rate
decreases (higher implied doubling time). This result may seem counterintuitive, but due to the
spatial nature of our kMC model, disease spread is local and driven by spatial fronts, which do
not develop as strongly due to the fact that susceptible and infected individuals have a lower
likelihood of being co-located for extended periods of time. The probability of takeoff also decreases
monotonically with mobility, implying that within this epidemic spread is reliant on extended
proximity with infected individuals.

Age Cohort Weights We evaluate the the spread of disease for three representative distributions;
younger, working age, and older. As described in Sections 2.2.3 and 2.2.4, older cohorts are modeled
with both a higher infection risk, as well as higher probability of vaccine uptake, and we observe
that the growth rate grows monotonically with the age of the population, as does the probability
of takeoff, implying that even more aggressive vaccination policies may be necessary for elderly
populations.

Vaccine Acceptance As described previously, Vaccine Acceptance is modeled according to a
Bernoulli(py,c) distribution. For those individuals where this variable is True, they are modeled
as twice as likely to receive a vaccine and individuals where it is encoded as False. To provide a
potential model for vaccine education policies, we consider three potential values for the population
mean pyac. We observe that monotonic increases in doubling and decreases in growth rate with
Dyac, and at pyac = 0.9, the probability of takeoff is about 70% within our sample.

3.2.3. Discussion. The simulation results showcase the potential of this modeling framework
to allow finetuned and flexible experiments that can model specific populations, but also aid in
forecasting the impact of potential policy decisions. While the data and parameter settings used in
this synthetic experiment are not drawn from a representative population, initial simulation results
are promising in their ability to capture expected behavior under different parameter choices, and
highlight a potential opportunity for future refined models to be incorporated into population-aware
policy decision frameworks.
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Figure 11: Population Density sweep summary panels vs. p: Median early growth rate (daily)
with IQR (doubling time annotated) and P(takeoff).
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Figure 12: Movement Standard Deviation sweep summary panels: Median early growth rate (daily)
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Figure 13: Age Cohort Weight sweep summary panels: Median early growth rate (daily) 7 with
IQR (doubling time annotated) and P(takeoff).
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Table 3: Effect of population density p on epidemic intensity.

p (agents/m?) 7 (day~!) Doubling Time (days) P(takeoff)

0.05 0.081 8.6 0.50
0.1 0.15 4.5 0.75
0.5 0.73 0.95 0.95
1.0 1.2 0.58 0.99

Table 4: Effect of daily movement range ogys on epidemic intensity.

o (m/day) # (day~') Doubling Time (days) P(takeoff)

) 1.1 0.61 1.0
25 0.15 4.5 0.75
50 0.15 4.55 0.68

3.3. Approach 3.

3.3.1. Computational Cost Reduction & Accuracy. In Figure 15, we see that the computa-
tional time of the naive approach for calculating P; grows faster than the computational time for the
cell-list method. Indeed, the slopes of this log-log plot tell us the polynomial order of complexity;
the cell-list approach has an order of complexity close to O(NN), while the naive approach has an or-
der of complexity closer to O(N?). Even though the computational time for this cell-listing method
is faster, it should be noted that maintaining the cell-list has increased memory requirements [15].

Reducing the computational cost of the model is a great advantage of the cell-list method. Before
incorporating the cell-list method into the kMC framework, however, it is essential to assess its
impact on the accuracy of the simulation. We performed 100 independent simulations using both
the brute-force kMC model and the cell-list-based kMC model, each with a population size of
(N =10,000). All simulations were conducted under identical conditions, with fixed values of opy,
oBM, simulation runtime, cell side length ..y, cell-list update interval, population density, and all
other relevant model parameters. This setup allows for a direct comparison of the two methods.

Figure 16 (Top) illustrates the simulation results obtained using cell-listing with those generated by
the brute-force approach, which computes interactions exactly without any spatial restrictions. The
two curves exhibit very similar behavior, indicating that the cell-listing method preserves the overall
dynamics of disease transmission. The close agreement between the two curves demonstrates that
restricting interaction calculations to local neighborhoods does not significantly alter the model’s
predictions. However, a small discrepancy can be observed: the equilibrium point of the cell-
listing simulation occurs slightly later than that of the brute-force simulation, resulting in a minor
rightward shift of the epidemic curve. This behavior is expected because the cell-list method
neglects interactions originating from individuals located outside the selected neighborhood. By
excluding these long-range contributions, the effective infection rate is slightly reduced, causing the
spread of the disease to progress slightly slower than in the exact simulation.

In addition to the N = 10,000 case, simulations were conducted for N = 1000 (See Figure 19
in the Appendix). The results show that the cell-listing method successfully reproduces the same
qualitative trends observed in the brute-force simulations. In particular, as the population size
N increases, the epidemic reaches equilibrium earlier, producing the expected leftward shift of the
infection curves. The ability of the cell-listing method to accurately capture this trend suggests that
it preserves the key large-scale behavior of the model despite the computational approximations
introduced.

To quantify the difference between the two approaches, we examined the relative error between the
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Figure 15: Log-log plot of computational times for the cell-list approach and the original, naive
approach (i.e., computing all pairwise distances) for determining infection probability as population
size increases. These computational times were averaged over 10 trials, maintaining conditions of
N/2 susceptible and N/2 infected individuals. The average slope for the naive (original) method
was taken after N = 102.
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Table 5: Effect of age structure on epidemic intensity.

age weights [<18,18-49,50-64,65+] 7 (day~!) Doubling Time (days) P(takeoff)

(0.5,0.3,0.1,0.1) (younger) 0.14 4.9 0.74
(0.1,0.4,0.4,0.1) (working age) 0.15 4.5 0.77
(0.1,0.1,0.3,0.5) (older) 0.2 3.5 0.83

Table 6: Effect of vaccine-acceptance proportion on epidemic intensity.

acceptance 7 (day~!) Doubling Time (days) P(takeoff)

0.1 0.26 2.7 0.86
0.5 0.19 3.7 0.83
0.9 0.13 5.2 0.70

corresponding simulation outputs (See Figure 16 Bottom). However, due to the highly symmetric
nature of the epidemic trajectories, the relative error metric proved to be insufficient for evaluating
accuracy. The absolute differences between the two curves (See Figure 16 Middle) are identical
over time, which causes the relative error to provide limited insight into the actual discrepancy
between the simulations. Consequently, relative error alone does not serve as a reliable measure of
approximation quality for our model.

3.4. Holistic Approach. Within the scope of this project, we have outlined three approaches
relevant to kMC modeling of infectious disease spread, and while they have been presented sepa-
rately, the three approaches are intertwined as well as co-developed with the same broader frame-
work. Each approach both informs and is informed by the other approaches, as illustrated in Fig.
17.

The SIRV model outlined in Section 2.1 provides both a base case and validation of the dynamics
of the facet-augmented model outlined in Section 2.2, while the latter can also be used to probe
how the degree of gain of additional complexity over the base model and assess the trade-off of
ease and expressiveness. The cell-list approach described in Section 2.3 most directly can provide
computational benefits to both the SIRV model as well as the facet-augmented SIRV model, but can
also benefit from evaluating the performance of the cell-list in simulated populations with varying
densities and mobilities. The flexibility of of the facet-augment SIRV model provides a convenient
testbed to compare the theoretical performance of the approach against simulations with varying
density, mobility, and disease characteristics.

Together these three approaches can be used in tandem, and with further refinement can work in
concert to inform population-aware public policy, as well as develop and test new computational
methods for large-scale simulations within a flexible framework.

4. Conclusion. Rather than treating SIRV modeling as a single computational problem, this
project developed three approaches that progressively refine the representational and computational
structure of infectious disease simulation. Al established a baseline SIRV model capable of repre-
senting time-dependent vaccination efficacy degradation and variable recovery rates. A2 extended
this structure by integrating weighted, faceted person-level dimensions through the decomposition
of the person concept, allowing susceptibility to vary across synthetic individuals while support-
ing reproducibility and stability through configuration files. A3 further advanced the simulation
framework through cell-list partitioning, providing a path toward improved computational perfor-
mance in large-scale SIRV models. Taken together, these approaches demonstrate how theoretical
representation, synthetic population design, and computational optimization can be integrated to
support more flexible and applicable infectious disease simulation.
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Figure 17: An illustration of the connections between the three approaches outlined in the scope
of this project.

Future work will focus on refining both the epidemiological and computational dimensions of the
model. First, additional testing is needed to determine whether SIRV state transitions should
follow linear decay, Poisson-driven dynamics, or another transition structure. Second, open datasets
should be identified to refine and validate the synthetic weights used during population generation.
Third, a more rigorous analysis of the error between the cell-listing approach and the original
pairwise approach (past our empirical findings in Section 3.3.1) may be possible. Finally, future
implementations may explore the use of resilient distributed datasets (RDDs) to improve processing
efficiency and scalability, particularly as the model is extended to larger synthetic populations and
more complex transition dynamics.
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Appendix A. A Heuristic Number of Time Steps before Updating the Cell-List. To determine an
appropriate number of time steps for which we can use the same cell-list, we consider the expected
time for a planar Brownian motion to exit a square-domain (i.e., a cell). Let (Bt):>¢ be a planar
Brownian motion starting at 0, with X; and Y; its x and y-coordinates respectively. Given some
length L > 0, we are interested in the expectation of the stopping time

Tsq := inf{t > 0 : max(|Xy|, |Yz|) >: L},

which is the exit time from the square centered at 0 with side length 2L. To estimate E[7y], we
can consider the exit times from the inscribed and circumscribed circles of this square, namely,

Tim = inf{t > 0: X7 +Y? > L*},
Tei = inf{t > 0: X? + Y2 > 2L?}.
It is clear that
Tin < Tsq < Tei-

From here, we employ the following lemma:

7“2

Lemma A.1. Forr >0, let 7 := inf{t > 0: X? + Y2 > r?}. Then, E[r,] = 5

Proof. From properties of Brownian motion, we have that (X2 — t);>0 and (Y;? — t);>¢ are both
independent, identically distributed continuous martingales. By the optional stopping theorem [5],

E[X2 5, — (7 AD] = E[Y2,, — (m A t)] = E[X} — 0] = 0
for all ¢ > 0. From this, we obtain
1
§E[X£Tmt + Y;?r/\t] = E[r, A ]

for all ¢. By the monotone convergence theorem, the right hand side converges to E[r,] as t — oo,
and since X2 ,,+Y2,, <r? for all t > 0, the dominated convergence theorem tells us the left hand

1
side converges to EE[XE" + YTQT] Taking these facts together gives us

Efr] = ~E[X2 +Y2] r

] == ==

T 2 Tr Tr 2 b

since, by the continuity of Brownian motion, XET + YTQT = 72 almost surely. |
2 L2

From Lemma A.1, we have E[r,]| = 5 and E[r4] = L?. In particular, - < E[ry] < L2

Using these exit times, we now estimate E[ry,| by considering the green and red areas in Figure 18.
We see that the area of the green region is 4a® —wL?, while the area of the red region is 2w L? —4L2.
Taking the ratio of the green and red area gives us

412 — 72 4—7

orL2 —4L2 27 —4°

From this, we estimate

1 4 —7

2
) =% —~ 0.637L2,
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that is, we scale the known exit times of the balls according to the ratio of the areas of the green
and red regions.

In practice, we use a scaled Brownian motion (opnBi)i>0. By repeating the above derivation
with oy By in place of By, we have

L2 2
p

E[qu] ~ U%M

leen
Finally, taking L = % gives us our heuristic number of time steps

ek

Figure 18: The expected exit time for a Brownian motion starting at center point P from the square
(blue) is estimated using the exit times from the inscribed circle (black) and the circumscribed circle
(red).

Appendix B. Approach 2 Results: SIRV Curves. Figures 20-23 display the SIRV evolution
of simulated infectious disease spread under varying parameters, which have been discussed and
summarized in 3.2.2. The median outcome over all Ny, runs, with shaded bands representing
the [2.5,97.5] quartile intervals. Of note is that these intervals become large under certain sets
of parameters, though is explained through the fact that when a a non-negligible portion of runs
fade immediately while another proportion takes off, both the epidemic breakouts and fadeouts are
included within this range. These confidence bands become tight when either nearly all runs take
off or when most runs never achieve significant disease spread.
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Figure 19: Comparison of simulations with and without cell-list method with N = 103.

SIRV - Density = 0.05 (median, 2.5-07.6% band over runs) SIRV - Density = 0.1 (median, 25:97.5% band over runs) )
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Figure 20: SIRV Curves for population densities p € {0.05,0.1,0.5,1.0}. Solid lines indicate the
median outcomes over Ny, = 250 runs, while [2.5, 97.5] quartile bands are shaded.
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SIRV - Dally Movement Range = 5 (median, 2.5-07.5% band over runs) SIRV - Dally Movement Range = 25 (median, 2.5.97.5% band over runs) )

1000 1000
00 0
@0 a0
8 8
w0 w0
20 20
o o
o E 0 50 20 20 B 0 o @ 100 150 20 %0 o 0
Tme T
SIRV - Daily Movement Range =50 (median, 2.5-97.5% band over runs)
1000 4
00+
00+
8
400
2004
o
o 0 100 150 20 20 00 %0
Time

Figure 21: SIRV Curves for opm € {5,25,50}. Solid lines indicate the median outcomes over
Nsim = 250 runs, while [2.5, 97.5] quartile bands are shaded.

SIRV ~ Age Cohort Distibution = (0.5,0.3, 0.1, 0.1) (median. 2.5-97.5% band over runs) ) SIRV — Age Cohort Distrbulion = (0.1, 0.4, 0.4, 0.1) (median, 2.5-97.5% band over runs)
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Figure 22: SIRV Curves for younger, working, and older age distributions. Solid lines indicate the
median outcomes over Ny, = 250 runs, while [2.5, 97.5] quartile bands are shaded.
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SIRV — Vaccine Acceptance Proportion = 0.5 (median, 2.5-97 5% band over runs)
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Figure 23: SIRV Curves for Vaccine Acceptance € {0.1,0.5,0.9}. Solid lines indicate the median
outcomes over Ny, = 250 runs, while [2.5, 97.5] quartile bands are shaded.
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