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Abstract: This study investigates the spatial integration of agent-based models (ABMs) and compartmental
models for infectious disease modeling, presenting a novel hybrid approach and examining its implications.
ABMs offer detailed insights by simulating interactions and decisions among individuals but are computation-
ally expensive for large populations. Compartmental models capture population-level dynamics more effi-
ciently but lack granular detail. We developed a hybrid model that aims to balance the granularity of ABMs
with the computational efficiency of compartmental models, offering a more nuanced understanding of dis-
ease spread in diverse scenarios, including large populations. This model spatially couples discrete and con-
tinuous populations by integrating an ordinary differential equation model with a spatially explicit ABM. Our
key objectives were to systematically assess the consistency of disease dynamics and the computational ef-
ficiency across various configurations. For this, we evaluated two experimental scenarios and varied the in-
fluence of each sub-model via spatial distribution. In the first, the ABM component modeled a homogeneous
population; in the second, it simulated a heterogeneous population with landscape-driven movement. Results
show that the hybrid model can significantly reduce computational costs but is sensitive to between-model
differences, highlighting the importance of model equivalence in hybrid approaches. The code is available at:
git.zib.de/ibostanc/hybrid_abm_ode.

Keywords: Hybrid Model, Coupled Models, Agent-Based Model, Compartmental Model, Epidemiology, Infec-
tious Disease Modeling

Introduction

1.1 Preventing or mitigating the widespread transmission of infectious diseases is a critical objective for health
systems worldwide. Disease modeling is essential to develop effective intervention strategies and analyze their
societal impacts, as underscored by the COVID-19 pandemic (Lancet Comission 2024). In this context, agent-
based models (ABMs) and compartmental models are fundamental approaches (Skrip & Townsend 2019). As
a result, these models have gained significant recognition in epidemiology and are invaluable to policymakers
and public health officials (Becker et al. 2021).

1.2 Compartmental models are traditionally used for mathematical modeling of infectious diseases and capture
high-level system dynamics by describing the rates of transition between sub-populations, such as suscepti-
ble, infected, and recovered (Hethcote 2000). They offer valuable insights on spreading dynamics at the macro-
scale, but their reliance on a homogeneously mixed population limits realism (Brauer et al. 2019; Duan et al.
2015; Wulkow et al. 2021). Although meta-population models can increase their complexity and spatial reso-
lution by further disaggregating the population (e.g., through mobility, Chang et al. 2021; Calvetti et al. 2020;
Winkelmann et al. 2021 or layered populations, Gao et al. 2022), they retain the simplifying assumption of ho-
mogeneity within each sub-population.
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1.3 In contrast, ABMs simulate the behavior of individual agents, accounting for their interactions, movements, and
decisions. This enables a detailed analysis of disease transmission under various scenarios, providing a more
granular and realistic approach to infectious disease modeling (Railsback & Grimm 2019; Bruch & Atwell 2015).
ABMs allow for population heterogeneity, for example, by representing the population as a network of agents
(Kerr et al. 2021), or by capturing complex spatial-temporal patterns through explicit modeling of movement
and interactions (Arifin et al. 2015; Müller et al. 2021; Merler et al. 2015). This makes ABMs valuable for exploring
individual-level variability and allows for a straightforward implementation of policy interventions.

1.4 However, this increased realism comes at a cost: ABMs often require more complex, fine-grained data for fit-
ting and verification (Skrip & Townsend 2019). While their emergent macro-level outcomes can be validated
with observed data, their implemented micro-level relationships are often based on unobserved assumptions
(Brailsford et al. 2019; Frias-Martinez et al. 2011), making them less adept to derive underlying parameters than
compartmental models, such as the basic reproduction number (Mokhtari et al. 2021). Further, ABMs require
significantly more computational resources compared to compartmental models, a discrepancy that grows
with population size (Özmen et al. 2016; Hunter et al. 2018).

1.5 These challenges hinder ABM-based analysis of large populations and call for a hybrid modeling approach that
combines the computational and analytical efficiency of compartmental models with the detailed insights of
ABMs. Such a hybrid model could integrate multiple geographic regions with different population characteris-
tics and data availability, while allowing for population movement between regions. Moreover, it may scale up
to larger populations without sacrificing significant predictive power.

1.6 Despite their potential, hybrid models have received relatively little attention in infectious disease modeling
research. While the meta-population approach couples sub-populations under the same modeling paradigm
and retains the assumption of homogeneity within these, hybrid approaches could flexibly loosen or constrain
assumptions for different populations where appropriate, harnessing the strengths and data requirements of
both model types. Few studies have explored such hybrid models, most of which have not critically examined
how model coupling impacts the dynamics of infectious diseases under varying conditions.

1.7 To fill this gap, we propose a hybrid model that spatially integrates an ABM with a compartmental model based
on ordinary differential equations (ODEs). One of the primary strengths of this study is its methodical assess-
ment of the effects of spatial coupling on key indicators that reflect the infectious disease dynamics. Further,
we specifically address challenges in coupling discrete and continuous population representations under dif-
ferent modeling paradigms and systematically explore the feasibility of the hybrid approach by addressing the
following: (1) How does spatial coupling of an ABM with an ODE-based model affect infection spread dynamics?
(2) What are the computational cost savings compared to a pure ABM?

1.8 To answer these, we study two scenarios in a simplified toy example. In the first, random movement in the ABM
component results in a homogeneous population. In the second, landscape-influenced movement encourages
spatial heterogeneity, and therefore deviates from the ODE component. In both scenarios, we systematically al-
ter the spatial distribution and the interface location between sub-models and examine the resulting impact on
key indicators for infection dynamics and computational efficiency. Our results show that the spatial location
of the coupling mechanism can affect the peak time and shape of the infectious curve, particularly when move-
ment patterns differ across regions. These findings underscore the importance of understanding the effects of
hybrid model coupling for accurate epidemic modeling.

1.9 The article is structured as follows. We begin by reviewing related work on hybrid models that couple com-
partmental models with ABMs, particularly in the field of infectious disease modeling. Next, we detail the im-
plementation of the ABM, the compartmental model, and the hybrid model, with an explicit description of the
coupling mechanism. Following, we vary the spatial distribution of model components within the hybrid model
in two experiments to assess the consistency of infection dynamics across configurations. Finally, we discuss
the results and give an outlook for future research.

Related Work

2.1 One of the earliest hybrid model approaches for infectious diseases is described by Bobashev et al. (2007). This
study implemented a temporal coupling that alternates the model between an ABM state and a compartmen-
tal model state, with the switch being triggered when the number of infected individuals crosses a threshold
value. Aggregate population values of the ABM were used as initial conditions for the compartmental model
state. The authors argued that insights into epidemic processes at the local level diminish in informative value
with an increasing number of infected individuals. They evaluated several threshold values and demonstrated
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how such a model can be applied to a single hypothetical city. Further, using air travel data, they extended this
model to a network of cities. Hunter et al. (2020) followed a similar approach, applying the switching method
to a meta-population setting for several regions in Ireland. They compared computational execution times and
highlighted the potential of this model to conserve resources. However, they also noted that the computation-
ally most efficient configurations might yield inferior model results due to the suboptimal performance of the
compartmental model component, measured by the length and final size of the outbreak. Rather than using
infection numbers, Nghi et al. (2016) implemented a hybrid model that triggers a state switch when local agent
density crosses a threshold. The authors argued that dense clusters of agents can be viewed as a homogeneous
population, and therefore a compartmental model is sufficient.

2.2 Another approach involves using agents to couple compartmental models in a hybrid model. For example,
Nguyen et al. (2022) investigated the role of temporary staff during the COVID-19 pandemic by modeling care
homes as compartmental models and temporary staff as agents moving between them. Similarly, in Bradhurst
et al. (2016), agents represent herds of livestock, and within each agent, ODEs determine infection dynamics.
Agent-agent interactions govern the spread of diseases between herds through different pathways. In Banos
et al. (2015), cities are represented as network nodes with infectious disease dynamics modeled by compart-
mental models. A hybrid model, where agent-based air travel connects nodes with possible transmission during
flight, was compared to a meta-population approach. The hybrid model showed slower infection spread for sce-
narios with few infected agents per node due to the discrete, stochastic mobility implementation, contrasting
the even diffusion in the deterministic meta-population model. A similar coupling mechanism was employed
in Marilleau et al. (2018) to model the spread of a vole population in a French region. This spatial model divides
the region into grid cells, allowing vole agents to travel between those cells. Within each cell, the vole popu-
lation size is determined by equation-based models. Once the population of a cell reaches a critical value, the
cell generates vole agents that leave the cell and migrate to another cell with more suitable conditions.

2.3 A problem that arises when coupling an ABM with a compartmental model is the differing population shape
in each model type. In an ABM, the population is represented by distinct entities, while an ODE model repre-
sents the population as continuous matter (Gustafsson & Sternad 2016). Sewall et al. (2011) highlight that this
is particularly problematic when agents leave a compartmentally modeled region due to information loss when
converting agents to a continuous population. In Solano et al. (2013), this caused a total population decline be-
cause the agent-population size was fixed while compartmental population sizes were unconstrained, leading
to asymmetric population flow. Additionally, individuals entering the ABM from a compartmental node were
represented in aggregated floating point numbers, and reconstructing these into integer agent counts lead to
discrepancies. Addressing this disparity is crucial in developing a successful hybrid model, as it involves accu-
rately transitioning the population between discrete entities and continuous mass representations.

2.4 In a review of hybrid models in operational research, Brailsford et al. (2019) note that published studies often
have limited reporting on verification and validation, with many failing to sufficiently describe the architecture
of the hybrid models used. Although their review focused on operational research, we found similar issues in the
hybrid infectious disease models reviewed in this section. Specifically, these models frequently omit details on
interactions between components and the mechanisms of data exchange between sub-models. Additionally,
as with the studies in Brailsford et al. (2019), the implications of these hybrid models for infectious disease
prediction and control are often underexplored, a notable gap given the importance of model accuracy in public
health contexts.

2.5 In conclusion, while various hybrid models have been developed to leverage the strengths of both ABMs and
compartmental models, they often face challenges such as determining appropriate switching mechanisms and
managing the transition between discrete and continuous representations of the population. In the following
section, we describe our proposed hybrid model and how we addressed these challenges effectively.

The Hybrid Model

3.1 This section introduces our proposed hybrid modeling approach, which combines the strengths of a micro-
scopic ABM with a macroscopic compartmental ODE model. The hybrid approach aims to balance computa-
tional efficiency with a detailed and realistic representation of infection dynamics. In the hybrid model, infec-
tious disease dynamics are modeled by two parallel components: the first simulates infections via agent-agent
interactions in a continuous coordinate space; the second employs ODEs to model these dynamics. This design
leverages the fine-grained interactions and spatial detail of ABMs while utilizing the computational simplicity
of compartmental models to scale up to larger populations effectively.
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3.2 The following sections detail the agents, environment, and coupling mechanism, illustrating how our hybrid
model addresses the challenges of combining discrete and continuous population representations. Moreover,
we demonstrate the model’s potential to reduce computational costs while maintaining accurate and insightful
predictions of infectious disease dynamics.

Sub-model M1: Agent-based model (ABM)

3.3 The ABM simulates agents within a 2D rectangular region in a xy-plane, defined by the coordinates 0 ≤ x ≤
9 and 0 ≤ y ≤ 9. Each agent occupies a (x, y)-coordinate within this space and is in one of three states:
susceptible, infectious, or recovered. The probability pi of a susceptible agent i to become infectious within a
time step is pi = 1− (1− ρ)k, where ρ is the base probability and k is the number of infectious agents within a
distance of θ to the susceptible agent. This transmission model assumes a fixed transmission probability upon
contact and increases with repeated exposure, akin to a contact-duration model (see Frias-Martinez et al. 2011;
Breitwieser et al. 2022). While dose-response models are more realistic (Jones & Su 2015; Aganovic et al. 2023),
we chose to implement this simplified model due to its similarity to the ODE’s transmission mechanism: In the
ODE model, the transmission rate is a function of the contact rate and the infection probability. In our ABM, the
contact rate can be seen as a function of the radius size and the step size. Infectious agents recover at a rate of
1/D per time step, whereD is the average time an agent remains in the infectious state, becoming immune to
subsequent infections through agent-agent interactions.

Agent movement

3.4 Agent movement is implemented in two variants. In variant M1-A, agents move randomly, simulating a homo-
geneous population. During a time step, an agent can move in any direction with a maximum possible step size
of Λ under periodic boundary conditions. Although less realistic, this resembles the population in a compart-
mental model more closely.

3.5 In variant M1-B, however, we implemented landscape-driven agent movement (see Djurdjevac Conrad et al.
2018; Marshall & Duthie 2022). This landscape induces non-random movement and is generated by a bivariate
density function:

f(x, y) = −e−
((x−X)2+(y−Y )2)

η (1)

3.6 In this setup, agents either move towards (attraction) or away from (repulsion) lower elevation points. Here,
the valley has its center at the coordinates (X,Y ) and the width of the valley is determined by the parameter
η. Specific rules govern the transition between attraction and repulsion states, allowing for regular movement
patterns across the simulation space. This leads to spatial heterogeneity of the agent population.

Figure 1: Visualization of the bivariate density function with X = Y = 4.5.
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3.7 At each time step, an agent evaluates the gradient of its current position on the xy-plane based on the underlying
density function with:

χi,t =
f(xi,t + δ, yi,t)− f(xi,t − δ, yi,t)

2δ
− λx,i,t (2)

ψi,t =
f(xi,t, yi,t + δ)− f(xi,t, yi,t − δ)

2δ
− λy,i,t (3)

where δ is a fixed base step size and λ is a random value between −Λ and Λ, introducing stochasticity in agent-
movement. In the attraction state, the agent’s new coordinates are:

xi,t+1 , yi,t+1 = xi,t + χi,t , yi,t + ψi,t (4)

and in the repulsion state, they are:

x
i,t+1

, y
i,t+1

= x
i,t

− χ
i,t
, y

i,t
− ψ

i,t
(5)

under periodic boundary conditions. Agents switch to the repulsion state once they approached the center of
the valley within a distance of 0.3 and switch back to attraction at a rate of 1/(3η). This dynamic switching
mechanism allows for movement across the simulation space, resembling commute-like behavior, instead of
the entire population remaining around the center for the entire simulation time. A snapshot of an M1-B real-
ization at t = 9 can be found in Figure 2, showing a dense cluster of agents at the center, surrounded by less
densely populated space.

Figure 2: Snapshot of an ABM realization (variant M1-B) at t = 9. Each point represents the position of a sus-
ceptible (yellow), infectious (red), or recovered (blue) agent.

Initialization

3.8 For initialization, agents are placed randomly across the simulation space in M1-A. In M1-B, initial positions and
behavior states are determined using the Monte Carlo method, based on the bivariate density function for the
coordinates and 1/(1 − 1/3η) for the behavior state probabilities, with the outbreak starting after a burn-in
period.

Sub-model M2: Compartmental model

3.9 The compartmental model follows the classic SIR (Susceptible-Infectious-Recovered) framework, describing
the dynamics of disease spread in a population with ODEs (Kermack et al. 1927; Brauer et al. 2019). The model
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divides the population into three compartments: susceptible individuals (S), infectious individuals (I), and
recovered individuals (R). The rates at which the population transitions between compartments are given by:

dS

dt
= −β · S · I

N
dI

dt
=
β · S · I
N

− γ · I

dR

dt
= γ · I

(6)

whereβ represents the transmission rate of the disease,γ is the recovery rate, andN is the total population size.
Given initial conditions, step size, and time frame, the ODEs can be solved numerically, providing compartment
sizes over time - and thus simulating the dynamics of disease spread in a population.

Coupling

3.10 In the hybrid model, the population-space is spatially divided into an ABM (M1) and a compartmental region
(M2), while allowing for population flow between regions. The interface between M1 and M2 is a vertical line that
can be moved along the x-axis to adjust the proportions (or weight) of each sub-model. This flexible interface
allows us to vary the influence of each model within the hybrid framework.

3.11 The temporal resolution and the order of progresses can significantly impact the results of both ABMs and com-
partmental models (Özmen et al. 2016). This aspect is particularly crucial in our hybrid model due to the inter-
action between a discrete model and a continuous model (Gustafsson & Sternad 2016). As we implemented
discrete time steps in the ABM, we maintain coherence by iteratively solving the ODE model for one time step
while interactions within the ABM and between sub-models occur synchronously.

3.12 As discussed earlier, the exchange between discrete and continuous population representations requires care-
ful handling to ensure accurate population tracking and infection dynamics. Figure 3 visualizes the coupling
mechanism in the hybrid model, depicting the sequence of processes within a single time step. The subse-
quent sections detail these processes.

Figure 3: Order of processes in hybrid model.

Population flow between model regions

3.13 Agents can transition from the M1 (ABM) area to the M2 (ODE) area through the designated interface. Agents
entering M2 are aggregated into sin, iin, and rin, representing the number of susceptible, infectious, and re-
covered agents respectively. These agents are subsequently removed from the M1 population. Movement from
M2 into M1 in a given time step is governed by the equation:

nout(t) = sin(t− 1) + iin(t− 1) + rin(t− 1) (7)

where nout is the number of agents leaving M2. This ensures that the flow between the two regions remains
symmetric. The lag of one time step prevents scenarios where more agents leave M2 than are present, thus
avoiding population inconsistencies. Since M2 does not simulate spatial movement, the y-coordinate at which
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an agent leaves M2 is unknown. For M1-A, this coordinate is sampled from a uniform distribution. For M1-B, the
marginal of the density function (see Equation 1) is used to derive sampling weights.

Infection dynamics within the ODE area

3.14 Due to population flow between models, the population size of M2 varies based on the incoming and outgoing
agents. Additionally, the stochastic nature of the hybrid model requires a corrective procedure in M2 to ensure
accurate population tracking and infection dynamics. This involves several steps.

3.15 First, the compartmental model described in Section 3.9 is solved for one time step with the current population
size as shown in the following equations:

Σ1(t+ 1) = S(t)− β · S(t) · I(t)
N(t)

dt

Φ1(t+ 1) = I(t) +
β · S(t) · I(t)

N(t)
dt− γ · I(t)dt

Ψ1(t+ 1) = R(t) + γ · I(t)dt

(8)

3.16 Next, the state of the leaving population is determined. The state of each leaving agent is drawn in a multinomial
trial using the results from the previous step as the class probabilities:

sout(t), iout(t), rout(t) ∼ Multinomial
(
nout(t),

[
Σ1(t+ 1)

N(t)
,
Φ1(t+ 1)

N(t)
,
Ψ1(t+ 1)

N(t)

])
(9)

3.17 The leaving population is then subtracted from each compartment, ensuring no negative sizes by constraining
each value to zero or higher (for conciseness, we will demonstrate the following procedures for the S-compartment,
but they also applied to the I- and R-compartment):

Σ2(t+ 1) = max(0,Σ1(t+ 1)− sout(t)) (10)

3.18 Given this reduction, the sum of the compartments may exceed the actual remaining population, calculated as
N(t)− nout(t). Therefore, a correction term κ is computed to balance this discrepancy:

P (t+ 1) = Σ2(t+ 1) + Φ2(t+ 1) + Ψ2(t+ 1)

κ(t) = P (t+ 1)− (N(t)− nout(t))
(11)

3.19 This correction term is proportionally subtracted from each compartment to ensure that their sum matches the
actual population:

Σ3(t+ 1) = Σ2(t+ 1)− κ(t) · Σ2(t+ 1)

P (t+ 1)
(12)

3.20 As a final step, the entering population is added to the compartments, resulting in the final compartment sizes
for the following time step:

S(t+ 1) = Σ3(t+ 1) + sin(t) (13)

Parameter selection

3.21 To effectively compare and couple M1 and M2, both models need to produce similar epidemic outcomes given
the same starting conditions. However, an ABM featuring a heterogeneous population, as is the case with M1-
B, cannot produce identical results to an analogous compartmental model (Susandi et al. 2021). Our aim with
M1-B is therefore to achieve the closest feasible alignment with the M2 outcomes.

3.22 Producing comparable dynamics can be achieved by parametrizing one model first and adjusting the other
model to match. Rahmandad & Sterman (2008) argue that in the real world, where contact structures are of-
ten unknown, compartmental model parameters are usually fitted to epidemic data, effectively capturing the
impact of network topology and individual variability. However, with known values for the basic reproduction
number (R0) and disease duration, parametrizing a compartmental model first and fitting the ABM parameters
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afterwards simplifies calibration and requires fewer assumptions. We thus adopted this latter approach and fol-
lowed the methodology and disease characteristics for a measles epidemic outlined in Breitwieser et al. (2022),
allowing us to focus on evaluating the hybrid coupling mechanism without introducing additional complexity.

3.23 Using parameters β = 1.61 and γ = 1/8 for a measles epidemic withR0 = 12.9 and an 8-day recovery period,
we generated a time series of infectious individuals with M2. This was done by numerically solving the compart-
mental model with initial values of S = 995, I = 5, R = 0 and a step size of 0.33 days, using the RK45 method
as implemented in SciPy’s integrate.solve_ivp function (Virtanen et al. 2020).

3.24 We then fitted the parametersΛ, ρ, and θ for M1-A to match the time series data, with the same initial conditions
and a recovery rate of 1/24 (corresponding to a step size of 0.33 days). This optimization was done using the
Nelder-Mead minimizer (as implemented in SciPy’s optimize.minimize; Virtanen et al. 2020) with least squares
as the cost function, yielding Λ = 0.215, ρ = 0.025, and θ = 1.162.

3.25 We repeated the procedure for M1-B, and additionally fitted the parameter δ (the base step size), fixing η at 3,
and positioning the attraction point at X = Y = 4.5. This results in Λ = 0.268, ρ = 0.016, θ = 1.01, and
δ = 0.01.

3.26 Figure 4 shows that M1-A and M2 produce closely aligned SIR curves, while M1-B exhibits a more rapid rise and
a lower peak of infections. This discrepancy is expected because, under population heterogeneity, infections
quickly spread in dense clusters. As a result, the overall pool of susceptible individuals decreases faster, leading
to an accelerated initial rise and a reduced overall dispersion of infections (Rahmandad & Sterman 2008).

Figure 4: SIR curves for model 2 (solid lines) and the average results for 100 realizations of the fitted M1 variants
A (dashed lines) and B (dotted lines).

3.27 In the following section, we describe the numerical experiments conducted to evaluate the performance and
robustness of our hybrid modeling approach. The primary objective is to understand how varying the weight
of the compartmental (ODE-based) and agent-based component affects model predictions, infection dynam-
ics, and computational efficiency. By systematically adjusting these weights, we aim to uncover the nuanced
behavior of the hybrid model under different configurations. This analysis provides valuable insights into the
potential applications and limitations of the suggested hybrid model in infectious disease modeling.

Experimental Setup and Methodology

4.1 In this section, we describe the experimental setup and methodology used to evaluate the fundamental dy-
namics of our hybrid model. By varying the weight between its two main components – the ABM (M1) and the
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compartmental model (M2) – we aim to understand how altering the balance between these components and
the location of the interface affects model outcomes in terms of the infectious wave. This setup allows us to
test the robustness of our model under various conditions. The results of these experiments are presented in
the subsequent section.

Model weights

4.2 We adjusted the weights of M1 (w1) and M2 (w2) by shifting the interface in the hybrid model along the x-axis.
For example, given 0 ≤ x ≤ 9, placing the interface at x=4.5 results in w1 = w2 = 0.5, while a placement at
x=6.75 results in w1 = 0.25 and w2 = 0.75. The interface shift allows us to systematically study the impact of
different model configurations on infection dynamics.

Model configurations

4.3 We compare two configurations of the hybrid model: Hybrid Model A (M1-A with M2) and Hybrid Model B (M1-B
with M2), enabling us to examine its performance under two scenarios. In the first scenario, both model com-
ponents of Hybrid Model A simulate a homogeneous population, leading to very similar results individually. In
the second scenario, Hybrid Model B’s agent-based component simulates a heterogeneous population, yield-
ing distinct epidemic dynamics compared to the M2-component. In this scenario, the attraction point is placed
at the center of the simulation space (x = 4.5, y = 4.5), making the distance of the attraction point to the
interface dependent on w. For w2 > 0.5, the attraction point falls within the borders of M2. Additionally, we
examine a third scenario in the appendix, where the the attraction point is always placed at the center of M1,
rather than at the center of the full simulation space. These scenarios enable us to study the implications of
spatial differences for spatial coupling.

Evaluation metrics

4.4 For the experiments, we evaluate the following metrics for the resulting time series of the infectious population:
(a) the root mean squared error (RMSE) compared to the baseline from M2, quantifying the overall deviation
from the reference model; (b) the peak height; (c) the time step at which the peak occurs; (d) the Fisher-Pearson
coefficient of skewness, indicating the buildup speed of the infectious wave; (e) the full-width-at-half-maximum
(FWHM), indicating the sharpness of the peak. Metrics b - e provide detailed insights into the dynamics and
shape of the epidemic. Finally, we measure (f) the average CPU time for each model configuration. We increase
the weight of M2 from 0 to 1 in 0.02 steps, averaging the metrics after 100 independent realizations per config-
uration.

Results

5.1 This section presents the results of our experiments, evaluating the performance and robustness of the hybrid
model under different configurations. Specifically, we examine how varying the weight of the ABM (M1) and
the compartmental model (M2) affects various metrics (see previous section) related to infection dynamics and
computational efficiency in both Hybrid Model A (M1-A with M2) and Hybrid Model B (M1-B with M2). Results
are shown in Figures 5a-5f for Hybrid Model A and in Figures 7a-7f for Hybrid Model B. The x-axis represents
the weight of M2 (w2). When w2 = 0, the entire population is modeled by M1, and when w2 = 1, the entire
population is modeled by M2.

Hybrid model A

Root mean squared error (RMSE)

5.2 The RMSE for different weights behaves as expected, showing a steady drop from 25.09 to 0 as the weight of
the M2-component increases. This is because the full M2-model serves as the reference model to compute the
RMSE. The standard deviation is larger for lower values ofw2, which is due to the stochastic nature of M1.
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Peak height

5.3 The peak height of the infection curve does not change significantly acrossw2-levels. It remains around 71.57%
atw2 = 0 and 72.46% atw2 = 1. This consistency is expected since the peak height is similar in both individual
models M1-A and M2, as shown in Figure 4. Similar to the RMSE, the standard deviation shrinks with increasing
w2.

Peak time

5.4 A notable coupling effect is observed in the peak time of the infectious curve. While the peak occurs slightly
earlier in the reference model (16t) compared to M1-A (17.36t), it does not gradually decrease asw2 increases.
Instead, there seems to be a quadratic relationship between the peak time and w2. This may be due to the
discrete implementation of time in our models and the relatively small difference in peak time of 1.36 time
steps between the model components, causing the resulting peak time to align more closely with the model
component modeling the majority of the population.

Skewness

5.5 The skewness coefficient is 1.16 at w2 = 0 and 1.2 at w2 = 1, indicating slightly more weight on the right
tail of the infectious wave in M2 compared to M1-A. The quadratic relationship in peak time is reflected in the
skewness, which increases more rapidly asw2 exceeds the 0.6-mark, likely due to the peak time influencing the
skewness of the infectious wave.

Full-width-at-half-maximum (FWHM)

5.6 The FWHM is 25.58 atw2 = 0 and 25 atw2 = 1, indicating that the infectious wave of M2 is sharper compared
to M1. However, this difference is minor and steadily decreases as w2 increases, suggesting minimal coupling
effects.

CPU time

5.7 The CPU time decreases from 3.18 to 0.09 seconds as w2 increases, following a convex pattern. This dimin-
ishing reduction in CPU time can be attributed to the stochastic processes computed for each agent, where
calculations often involve interactions with all other agents. Thus, the reduction in computational load is more
substantial when w2 increases from lower values (e.g., 0 to 0.02) compared to higher values (e.g., 0.9 to 0.92),
reflecting the non-linear scaling of interaction complexity.
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Figure 5: Hybrid Model A: Average results for 100 independent realizations per M2 weight (w2). Bars around
points represent the standard deviation. (a) RMSE for the infectious time series between the reference model
and the hybrid model. (b) Peak time of the infectious time series. (c) Peak height of the infectious time series.
(d) Fisher-Pearson coefficient of skewness of the infectious time series. (e) FWHM of the infectious time series.
(f) CPU time in seconds.

Hybrid model B

Root mean squared error (RMSE)

5.8 The RMSE atw2 = 0 is 44.3, nearly twice as large as the RMSE for M1-A. Similar to Hybrid Model A, the RMSE for
Hybrid Model B drops towards zero asw2 increases. However, there is a notable minimum around the 0.5-mark
of w2. The RMSE decreases for w2 values below 0.5, then increases for w2 values above 0.5 before dropping
again after the 0.6-mark. This indicates that M2 has a stronger effect on model results around the 0.5 mark than
at the 0.6 mark. This can be attributed to the attraction point in the agent-based component, resulting in a
spatially heterogeneous population: agents form a cluster where the infection spreads more rapidly. Whenw2

is set to 0.5, the attraction point lies on the interface between M1-B and M2, attracting many agents into M2 and
therefore increasing the interaction between the models.

5.9 Indeed, Figure 6a shows that the average population flow from M1 to M2 during a time step depends on w2.
In Hybrid Model A, it is around 1.5% of the total population for weights below 0.8, before dropping for higher
weights. In Hybrid Model B, it increases from 0.02 to 0.53, peaking at 4.5%, before decreasing rapidly for higher
weights. Additionally, Figure 6b shows that the share of the total population present in M1 drops faster around
w = 0.5 in Hybrid Model B, while decreasing steadily in Hybrid Model A.
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Figure 6: Changes in population metrics for Hybrid Model A and B for different M2 weights (w2). Results from
100 independent realizations. (a) Average percentage of population entering M2 per t. (b) Average percentage
of total population in M1 per t.

Peak height

5.10 The peak height of M1-B is 64.56%, considerably lower than in M2. A notable observation is the increased stan-
dard error around the 0.5-mark of w2, reflecting the increased between-model interaction discussed earlier.
The peak height follows a convex pattern: Forw2 < 0.4, the average peak height increases towards the higher
value of M2, but decreases after the 0.4-mark until w2 = 0.6. This pattern suggests that the attraction point’s
proximity to the interface significantly influences infection dynamics.

Peak time

5.11 The peak time of a full M1-B (w2 = 0) is16.66t, having a delay of 0.66 that is slightly closer to the reference model
than M1-A’s peak. The attraction point appears to influence the peak time of the Hybrid Model B: The peak time
is closer to the reference model around w2 = 0.4 than around w2 = 0.6, again likely due to the increased
between-model interaction near the 0.5-mark. The local minimum nearw2 = 0.4 rather than aroundw2 = 0.5
suggests that the discrete nature of time amplifies the interaction effect between the model components.

Skewness

5.12 The skewness of the resulting infectious data is considerably lower in M1-B than in M2, indicating a more sym-
metrical infection wave in M1-B. Although skewness increases with an increasingw2, a local maximum atw2 =
0.38 is followed by a minor drop until w2 = 0.64. This reflects the shift observed in the previous metrics for
Hybrid Model B.

Full-width-at-half-maximum (FWHM)

5.13 At w2 = 0, the FWHM is considerably higher (29.8) than at w2 = 1 (25.0), indicating that the peak in M1-B is
more truncated than in M1-A or M2. Similar to the previous metric, a regression can be observed asw2 increases
with a temporary shift after the 0.38-mark. Both observations are consistent with the increased between-model
exchange near this value.

CPU time

5.14 For lower w2-values, the average CPU time is higher for Hybrid Model B compared to Hybrid Model A, at 3.37
seconds whenw2 = 0. This is due to the increased complexity introduced by the attraction points. Additionally,
there is an increase fromw2 = 0 tow2 = 0.06, possibly due to the further complexity introduced by population
flow from M2 to M1, influenced by the landscape in M1. For Hybrid Model B, the drop in CPU time follows the
drop in population size of the M1-B component, as visualized in Figure 6b. The computational demands of M1
stem from simulating each individual agent, making the population size a key factor in determining CPU time.
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Figure 7: Hybrid Model B: Average results for 100 independent realizations per M2 weight (w2). Bars around
points represent the standard deviation. (a) RMSE for the infectious time series between the reference model
and the hybrid model. (b) Peak time of the infectious time series. (c) Peak height of the infectious time series.
(d) Fisher-Pearson coefficient of skewness of the infectious time series. (e) FWHM of the infectious time series.
(f) CPU time in seconds.

Discussion

6.1 The results for Hybrid Model A demonstrate that the outcomes are directly proportional to the weighting of
each model component. Specifically, as the weighting shifts, the model’s outcomes increasingly resemble the
results of the predominant component. This proportional relationship indicates that the hybrid model effec-
tively balances the computational efficiency of the compartmental model (M2) with the detailed interactions
of the agent-based model (M1-A). By adjusting the weight between these components, the hybrid model can
be fine-tuned to optimize either efficiency or detail, providing a versatile and scalable approach to infectious
disease modeling.

6.2 In contrast, the results for Hybrid Model B reveal a more complex interaction involving the landscape-driven
agent movement and the between-model interface. This interaction triggers switches in the model outcomes,
favoring one component over the other under different conditions. The direction-switching effect observed in
the peak time and peak height for Hybrid Model B can be explained by the presence of the attraction point.
Without the attraction point, these metrics would likely follow a trajectory similar to Hybrid Model A. However,
the increased between-model interaction aroundw2 = 0.5 leads to a local change, emphasizing the sensitivity
of the hybrid model to the spatial configuration of the attraction point.

Impact on infection spread dynamics

6.3 The study reveals that spatial coupling of an ABM with an ODE-based model can effectively capture the dynam-
ics of infection spread in the overall population. In Hybrid Model A, where both components simulate a homo-
geneous population, the infection dynamics transition smoothly as the weight shifts between M1 and M2. This
smooth transition reflects a successful integration of the detailed agent interactions in M1 with the aggregate
population-level processes in M2, maintaining consistency in model outcomes.

6.4 In Hybrid Model B, where the agent-based component includes spatial heterogeneity, the infection dynamics
reveal a deeper complexity. The presence of an attraction point introduces a non-uniform distribution of agents,
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leading to varied infection dynamics depending on the location of the interface. This demonstrates that spa-
tial factors and agent clustering can significantly influence the spread of infection, underscoring the model’s
ability to adapt to complex scenarios by accurately reflecting the impact of spatial configurations and agent
movements.

6.5 These findings highlight that the location of the coupling mechanism in a hybrid model can amplify the differ-
ences between model components. Differences between sub-models and sub-populations, as well as the level
of population flow, should be carefully considered in real-world applications. The increased between-model
interaction observed in Hybrid Model B underscores the need for a nuanced approach to spatial coupling, es-
pecially when dealing with heterogeneous populations, thereby enhancing the model’s applicability and pre-
cision in various scenarios.

Computational efficiency

6.6 Our experiments also provide insights into the computational efficiency of the hybrid model compared to a pure
ABM. For Hybrid Model A, the hybrid approach achieves a substantial reduction in CPU time while maintaining
accuracy in the infection dynamics. The proportional relationship between the weight of the compartmental
model and the CPU time underscores the potential for significant computational savings. This is particularly
beneficial in large-scale simulations where computational resources are a critical constraint.

6.7 In Hybrid Model B, while the overall trend shows reduced CPU time with an increasing weight of the compart-
mental model, the relationship is more complex. The initial increase in CPU time at low values of w2 reflects
the added complexity due to the attraction point and the increased interaction between sub-models. Despite
this complexity, the hybrid model still demonstrates a net reduction in computational cost compared to a pure
ABM, especially at higher values of w2. This indicates that even with added spatial heterogeneity, the hybrid
model can offer computational advantages, though the exact savings depend on the specific configuration and
interaction dynamics.

Limitations and future directions

6.8 One limitation of the hybrid model, compared to a pure ABM, is the loss of information during each exchange
between the two sub-models. Whenever population flows from M2 to M1, the hybrid model creates new agents
and randomly distributes their individual statuses based on M2’s current state. Consequently, an agent that re-
cently entered M2 as recovered may effectively leave as susceptible or infectious. Exploring alternative strate-
gies for information exchange between sub-models and refining the coupling mechanism could potentially ad-
dress this limitation and improve the accuracy of the hybrid model in capturing individual-level dynamics.

6.9 Overall, our findings provide valuable insights into the strengths and limitations of hybrid approaches. They
emphasize the importance of carefully considering the spatial configuration and interaction dynamics between
sub-models to optimize both accuracy and computational efficiency. However, real-world epidemic outbreaks
often introduce incubation times, antibody decline, or age-dependent differences in susceptibility, infectious-
ness, and behavior, among others. While our focus on a simplistic susceptible-infected-recovered scenario al-
lowed us to isolate and examine the effects of hybrid coupling, we recognize that it has inherent limitations
in terms of real-world applicability. Nonetheless, the presented hybrid model could extend to epidemic mod-
els with more realistic compartment structures and corresponding additions in the ABM. As this requires that
disease-specific parameters and interaction patterns are integrated with rigor, modelers need to carefully con-
sider the trade-off between the development time of the hybrid model and its benefits in terms of cost savings
and accuracy over a single model paradigm approach.

6.10 Further, our toy model does not take full advantage of computationally more efficient ABM frameworks, making
generalizations in terms of computational cost savings difficult. Given the experimental nature of our study, we
limited our experiments to a small scale, focusing on the coupling mechanism and its implications for disease
dynamics. In this case, modeling a larger population with our toy model would likely favor the hybrid approach
even more, as the computational demands of the ODE component remain constant regardless of population
size. We aimed to balance this potential discrepancy by modeling a relatively small population.

6.11 Future research could develop more sophisticated coupling mechanisms and explore scaling up this hybrid
model using advanced architectures, such as cloud computing with MPI (Collier & Ozik 2022), high-performance
platforms (Breitwieser et al. 2022), or database routing techniques (Solano et al. 2013), to apply the model
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across a broader range of infectious diseases and real-world scenarios. These approaches could address the
computational demands of large agent populations, presenting a promising direction for further exploration.

6.12 Another area of exploration involves the effect of population sizes and model configurations. Stochastic effects
in small populations can create discrepancies between deterministic compartmental models and stochastic
ABMs (Mohd 2022). For infectious disease models, Rahmandad & Sterman (2008) note that differences in model
results are largely independent of population sizes ranging from 50 to 800, particularly when R0 is high. Con-
versely, Hunter et al. (2018) observed a stronger correlation between population size and outcomes in com-
partmental models compared to ABMs. Notably, differences in time discretization between these models are
frequently overlooked, contributing to variations in results (Özmen et al. 2016). In our experiments, population
sizes within model components varied based on the assigned component weights. Future research should ex-
amine the effects of time discretization and parameter variation in hybrid models while isolating the influence
of population size differences on model consistency.

Conclusion

7.1 In this paper, we addressed a significant research gap by introducing a novel hybrid modeling approach that
spatially integrates a microscopic agent-based model (ABM) with a macroscopic compartmental ordinary differ-
ential equation (ODE) model. This topic has been scarcely explored in the limited literature on hybrid models,
and most studies lack clear descriptions of model architecture and systematic investigations on result consis-
tency. Our primary aim was to explore the feasibility of this hybrid model in reducing computational costs while
maintaining accurate and detailed infection dynamics. We demonstrated how such coupling can be effectively
achieved, highlighting the potential of spatial coupling in real-world epidemic modeling, advancing the under-
standing of hybrid systems, and setting a foundation for future research in this domain.

7.2 To evaluate the effectiveness of our approach, we utilized several performance metrics to detect coupling ef-
fects on the resulting infectious disease dynamics. Our experiment with two toy scenarios revealed that the
outcomes of the hybrid model depend on the similarity between the integrated models. In both scenarios, the
ODE component lacked the spatial resolution of the ABM component. However, in the first scenario, where both
sub-models describe a homogeneous population, the hybrid model produced the same infectious disease dy-
namics as the reference model. In the second scenario, we introduced spatial heterogeneity within the ABM
by enabling landscape-driven agent movement and localized clustering around an attraction point. In the cor-
responding hybrid model, disease dynamics were influenced by the location of the between-model interface
relative to the attraction point.

7.3 To address this, we suggest a meta-population approach for the ODE-component, which could provide spatial
resolution and heterogeneity without significantly increasing computational demands. We also acknowledge
that the extreme variations in agent density in our toy examples may not be as pronounced in real-world appli-
cations, potentially mitigating concerns about model discrepancies.

7.4 To focus our analysis on the coupling effects, we intentionally simplified the model components, maintaining
the standard susceptible, infectious, and recovered categories in both sub-models. This allowed us to evaluate
the impact of spatial integration without the added complexity of more elaborate disease states or interac-
tions. However, increasing the number of categories could further highlight the computational advantages of
the hybrid approach compared to a purely microscopic approach. Future research will explore more realistic
scenarios and model configurations to further validate and enhance our proposed hybrid model.

7.5 In conclusion, our spatial hybrid modeling approach presents a promising avenue for studying infectious dis-
eases and complex systems. It offers opportunities to refine model accuracy and optimize computational effi-
ciency, paving the way for more sophisticated and practical applications in future research endeavors.

Implementation

The model is implemented in Python v3.9. The project repository is available on GitHub (git.zib.de/ibo
stanc/hybrid_abm_ode), including the model code and jupyter notebooks for a tutorial and the presented
experiments. The model involves three primary class objects: persons creates an agent, model_ode solves the
ODEs, and hybrid_model creates the ABM and couples it to the ODE.
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Appendix

Figures 8a - 8f show results for Hybrid Model C with the attraction point centered in M1. For example, atw2 = 0
(pure ABM), the location matches Hybrid Model B at (x = 4.5, y = 4.5), while at w2 = 0.5, it is placed at
(x = 2.25, y = 4.5). Most results differ from Hybrid Model A and B. Instead of a steady or irregular progression
towards the reference model, most metrics initially converge towards the reference model but exceed/precede
the reference value around w2 = 0.8 before converging again. Notably, the RMSE increases from w2 = 0.2
to w2 = 0.74 before sharply dropping. Given the relationship between the attraction point location and the
population density within M1 (and the distribution of the total population between components), the fitted
parameters of the pure ABM are likely not suitable across different conditions. Further, while the attraction
point remains within M1, the distance to the interface shrinks with increasingw2. As depicted in Figure 9a, this
drives a steady rise in between-model interaction, contrasting with Hybrid Model B’s peak around w2 = 0.5.
Additionally, Figure 9b shows that the majority of the total population is located within M1 when w2 < 0.85.
Thus, for Hybrid Model C, w2 alone does not a adequately reflect the influence of M2 on overall population
dynamics.

Figure 8: Hybrid Model C: Average results for 100 independent realizations per level of M2 weight (w2). Bars
around points represent the standard deviation. (a) RMSE for the infectious time series between the reference
model and the hybrid model. (b) Peak time of the infectious time series. (c) Peak height of the infectious time
series. (d) Fisher-Pearson coefficient of skewness of the infectious time series. (e) FWHM of the infectious time
series. (f) CPU time in seconds.
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Figure 9: Changes in population metrics for Hybrid Model A, B, and C for different M2 weights (w2). Results from
100 independent realizations. (a) Average percentage of population entering M2 per t. (b) Average percentage
of total population in M1 per t.
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