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Email: jaehee.kim@cornell.edu 1. Infectious disease dynamics result from the complex interplay of epidemiological,
Funding information ecological and evolutionary (epi-eco-evo) processes. Accurately modelling these
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coupled processes is crucial for understanding pathogen spread and informing

typically assume conditional independence among these processes: generating

Handling Editor: Matthew Silk neutral mutations onto fixed genealogies without ecological feedback. This
simplification fails to capture how pathogen evolution dynamically reshapes
epidemic trajectories.

2. We introduce e3SIM, an open-source, agent-based, forward-time simulator for
macOS and Linux that explicitly integrates pathogen transmission dynamics,
molecular evolution and environmental factors. e3SIM incorporates configurable
compartmental models, user-defined host contact networks, customizable
pathogen genetic architectures and optional eco-evolutionary features (e.g.
within-host dynamics, multi-strain infections). This integration enables realistic
modelling of pathogen spread and evolution. Key features include modularity,
flexible epidemiological and population-genetic modelling, time-varying
environmental factors and a user-friendly graphical interface.

3. We demonstrated e3SIM's capabilities by simulating SARS-CoV-2 and
Mycobacterium tuberculosis outbreaks. e3SIM captured the emergence and
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spread of drug-resistant variants under sequential treatments, highlighting
how pathogen evolution and environmental variations dynamically reshape
epidemic trajectories. We also illustrated how interactions between pathogen
transmissibility and host population structures, particularly those involving
socially active “superspreaders”, strongly influence pathogen lineage expansion
and transmission clusters. Runtime profiling demonstrated computational
efficiency and scalability.

. €3SIM provides a powerful tool for simulating infectious disease dynamics through
the explicit integration of epi-eco-evo processes, substantially enhancing realism
and predictive accuracy in genomic epidemiology. Its modular, user-friendly de-

sign supports broad applications across diverse host-pathogen systems, enabling
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1 | INTRODUCTION

Infectious disease dynamics involve complex interactions among ep-
idemiological, ecological and evolutionary (epi-eco-evo) processes
(Grenfell et al., 2004; Schmid-Hempel, 2021). For instance, patho-
gen mutations that modify epidemiological traits (e.g. transmissibil-
ity (Volz et al., 2021) or drug resistance (Zur Wiesch et al., 2011))
affect epidemic progression and intervention efficacy in real time,
while shifts in host demography, seasonality and control measures
alter the selective landscape that drives further genetic change.
To accurately represent these complexities, an integrated compu-
tational approach is essential for modelling and analysing genetic,
ecological and epidemiological data (Baele et al., 2017).

Traditional analytical methods are often insufficient for cap-
turing these complexities (Iranzo & Pérez-Gonzélez, 2021; Willem
et al., 2017), necessitating the development of more advanced simu-
lation tools. Simulations provide a controlled framework for exploring
analytically intractable models, rigorously evaluating statistical infer-
ence methods and generating realistic synthetic datasets when empir-
ical ground truth is unavailable (Adrion et al., 2020; Hoban et al., 2012).
Such datasets are particularly critical for hypothesis testing, validating
computational algorithms and training deep-learning models that are
increasingly applied to genomic epidemiology (Kraemer et al., 2025).

However, many existing genomic epidemiology simulators assume
conditional independence among epi-eco-evo processes (Table 1):
they first simulate an outbreak as a transmission tree independently
of pathogen evolution and, if required, subsequently superimpose
mutations onto this fixed genealogy to generate pathogen sequence
data (Figure 1a). This two-step approach implicitly treats mutations
as selectively neutral and ignores feedback from time-dependent
ecological drivers (e.g. seasonality, interventions), thus precluding ge-
netic changes from dynamically influencing ongoing disease spread
(Figure 1b). Consequently, these models fail to capture scenarios such

rigorous exploration of scenarios critical to public health.

agent-based simulation, epi-eco-evo coupling, genetic epidemiology, phylodynamics,

as highly transmissible variants that accelerate epidemics, emergent
drug resistance that reshapes transmission networks or environmental
fluctuations that alter pathogen demography and selection. This ab-
sence of dynamic coupling reduces realism and predictive power, limit-
ing phylodynamic inference and method validation.

Here, we introduce e3SIM, an open-source, agent-based,
forward-time simulation framework for macOS and Linux, built on
SLiM (Haller & Messer, 2023), explicitly coupling pathogen genetic
evolution with epidemiological and ecological processes in real time.
Unlike existing simulators, e3SIM allows eco-evolutionary changes
to continuously shape epidemic trajectories while ecological fac-
tors simultaneously drive evolutionary dynamics. e3SIM supports
(i) configurable SEIRS (susceptible-exposed-infectious-recovered-
susceptible) compartmental models, (ii) user-defined host contact
networks (from random to empirical) and (iii) customizable pathogen
genetic architectures, with optional within-host evolution, latent in-
fection and multi-strain infection. Environmental fluctuations can be
modelled through temporally varying ecological and epidemiological
parameters, and phenotypic effects of de novo mutations propagate
immediately into subsequent epidemiological events. Its modular
design also supports neutral or partially coupled scenarios, alterna-
tive demographic models and diverse sampling schemes. A graphical

user interface (GUI) further enhances accessibility.

2 | SOFTWARE ARCHITECTURE AND
WORKFLOW

e3SIM comprises three components: (1) pre-simulation modules for
configuration, (2) a main module for simulation execution and (3)
post-simulation modules for analysis and visualization. The workflow
begins with the sequential execution of pre-simulation modules
(Figure 2) to configure the main module. To streamline this process,
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TABLE 1 Comparison of e3SIM with existing genomic epidemiology simulators across selected features relevant to this study.

Compartmental Epi-eco-evo Within-host Time-varying
Simulator name model dynamic coupling Host population evolution parameters
e3SIM [this paper] SEIRS True Contact network True True
User-defined
FAVITES (Moshiri et al., 2018) User-defined False Contact network True False
nosoi (Lequime et al., 2020) SIR False Structured False True
opqua (Cardenas et al., 2022) SIRDS True Structured True True
SANTA-SIM (Jariani et al., 2019) — True - False True
SEEDY (Worby & Read, 2015) SIR False Contact network True False
TiPS (Danesh et al., 2023) User-defined False Structured False True
VGsim (Shchur et al., 2022) SIS True Structured False True

Note: ‘—’ indicates models without explicit host populations. Bold highlight that this is the method being presented in this paper. Compartmental

states: S, susceptible; E, exposed; |, infectious; R, recovered; D, deceased.
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FIGURE 1 Schematic overview of epi-eco-evo coupling in genomic epidemiology simulators. (a) Conventional frameworks simulate
transmission trees independently of pathogen evolution, subsequently superimposing mutations onto fixed genealogies. This two-step
approach implicitly assumes selective neutrality of mutations, ignoring real-time feedback among genetic changes, epidemic dynamics
and ecological factors. (b) e3SIM explicitly couples epi-eco-evo processes. Mutations immediately affect pathogen epidemiological traits,
dynamically influencing epidemic spread, while ecological factors concurrently shape selective pressures and evolutionary dynamics. This
integrated framework realistically models infectious disease dynamics.

a GUI is available, complementing command-line interaction. The
main module employs sTLiM 4.3 (Haller & Messer, 2023) as the
back end for epi-eco-evo simulations (Figure 3a-c). Post-simulation
modules generate visualizations and metadata summarizing results
(Figure 3d).

2.1 | Pre-simulation modules: Input file generation
The four pre-simulation modules (Figure 2) run sequentially,
generating inputs for the main module. NetworkGenerator
constructs a host contact network (hosts as nodes, contacts as
edges) using standard random network models (e.g. Erdés-Rényi,
Barabasi-Albert, random partition) or user-provided adjacency
lists. SeedGenerator initializes pathogen genomes (‘seeds’) using
forward-time SLiM simulations under neutral Wright-Fisher or

network-based epidemiological dynamics; alternatively, users can
supply custom seed genomes. GeneticEffectGenerator assigns
causal genomic regions and effect sizes for quantitative traits
(e.g. transmissibility, drug resistance) from user-provided genomic
annotations, assuming an additive genetic architecture. Lastly,
HostSeedMatcher pairs pathogen seeds with hosts via random,
degree-ranked or percentile-based methods, enabling flexible
modelling of outbreak initiation scenarios. Table S1 summarizes
inputs and outputs for each pre-simulation module; further details
are in Text S1 and S2.

2.2 | Main module: Epi-eco-evo simulation

Afterthepre-simulationmodules,e3SIMexecutesOutbreakSimulator
using a JSON configuration file. It employs SLiM as its back end,
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FIGURE 2 Pre-simulation modules. (a) NetworkGenerator. Constructs a host contact network. Histogram shows the contact-degree
distribution. (b) SeedGenerator. Generates initial pathogen genomes (‘seeds’) and their genealogies using either the Wright-Fisher (top
left) or a network-based epidemiological model (top right). Horizontal lines represent pathogen genomes; vertical ticks indicate mutations
(bottom). (c) GeneticEffectGenerator. Defines causal sites and effect sizes for traits (grey: causal; magenta: positive; teal: negative).
Trait values t;, are sums of mutation effects for trait i and seed k. (d) HostSeedMatcher. Assigns seed pathogens to hosts to initiate

outbreaks. All modules support user-defined inputs.
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FIGURE 3 Main simulation scheme for e3SIM. (a) Epoch change. Epidemiological parameters (e.g. transmission probability g,, recovery
probability y,; panel c) and activation of genetic architectures for pathogen traits update from epoch k to k + 1, modelling temporal
environmental and epidemiological variation. (b) Reproduction. Pathogen transmission occurs on a host contact network based on trait-
dependent transmission probabilities (panel i). Mutations (lightning symbols) arise stochastically during reproduction. Trait values are
computed from pathogen mutation profiles and genetic architectures (panel ii). Superinfection (panel iii) and within-host replication (panel

iv) occur if user-enabled. (c) Compartmental model and sampling. Hosts transition probabilistically between compartments (black lines:
mandatory; grey lines: optional, user-specified). Purple and blue lines denote sequential and concerted sampling, respectively. Epidemiological
parameters are defined in Table S3. (d) Outputs. Simulation outputs include genealogies (left; branches coloured by trait values), host
compartment size trajectories (middle top), lineage proportions (middle bottom) and sampled pathogen mutation profiles and metadata (right).

generating an Eidos script from modular code blocks assembled per user
specifications. These blocks implement the user-defined epi-eco-evo
dynamics, scheduling functions at specified simulation points. Multiple
replicates with identical configurations are supported.

OutbreakSimulator comprises three modules: epoch change,
pathogen reproduction and compartmental model (Figure 3a-c). A
time unit in e3SIM is a ‘tick’, and simulations are organized into dis-
crete intervals (‘epochs’). Epochs allow dynamic changes in epidemi-
ological and evolutionary parameters and the activation of genetic
architectures underlying specific pathogen traits at user-defined
times (Figure 3a), enabling efficient modelling of temporal environ-
mental variations or interventions.

The pathogen reproduction module models host-to-host trans-
mission, constrained by network topology and pathogen trait values
(e.g. transmissibility, drug resistance). Transmission events assume
a single pathogen bottleneck, with optional superinfection (multi-
ple simultaneous infections) or within-host replication up to a user-
defined within-host capacity. Stochastic mutations occur according
to user-defined substitution models and immediately update patho-
gen traits that influence epidemiological outcomes (Figure 3b),
thereby dynamically coupling pathogen evolution with epidemiolog-
ical and ecological processes.

The compartmental model employs a flexible SEIRS framework
with trait-dependent state transition probabilities, supporting diverse
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FIGURE 4 Simulated SARS-CoV-2 epi-eco-evo dynamics under sequential treatments. (a) SEIR trajectories across 43 replicates (bold
line: replicate mean). Treatments begin on days 250 and 500. (b) Example sampled genealogy from one replicate. Branches are coloured by
transmissibility (blue: lowest, red: highest); shaded backgrounds denote treatment epochs. Bottom heatmap shows resistance to treatments
1 and 2. Genealogies from other replicates are shown in Figure S2, with treatment-specific resistance colouring in Figures S3 and S4.

epidemiological scenarios, from simple SIR (susceptible-infectious-
recovered) to complex SEIRS structures (Figure 3c). This trait-driven
approach captures heterogeneous disease dynamics, including la-
tency, reinfection and loss of immunity. The simulation supports
sequential and concerted sampling schemes, common in epidemio-
logical surveillance. Further model details are described in Text S3,
with relevant configurations summarized in Tables S2 and S3.

2.3 | Post-simulation: Analysis and visualization

Upon completion of simulations, OutbreakSimulator executes
post-simulation analyses (Figure 3d). e3SIM outputs mutation pro-
files (VCF or FASTA) and metadata for sampled pathogen sequences,
from which users can infer genetic-distance-based or user-defined
time-scaled phylogenies. A tree-sequence file (Haller et al., 2019) is
generated and processed into genealogies (NWK format) of sampled
progeny per seed. Detailed infection logs (‘who infected whom’),
integrated with genealogies, enable reconstruction of transmission
histories and directly represent transmission trees when superinfec-
tion and within-host replication are disabled. e3SIM visualizes the
resulting genealogies using the ggtree R package (Yu et al., 2017),
with branches colour-coded by pathogen traits or seed ID. A seed
tree is combined with simulated progeny genealogies to form a com-
plete genealogy of sampled pathogens. e3SIM also plots lineage dis-

tributions and host compartment size trajectories.

2.4 | Graphical user interface

The primary means of interaction with e3SIM is its GUI, designed
for users who prefer visual interaction over command-line tools.
Developed using Python's tkinter framework, the GUI ensures a
consistent user experience across macOS and Linux. It guides users
step-by-step through simulation configuration and execution, with
intuitive sections (Figure S1) for general parameters, evolutionary

and epidemiological model settings, seed population setup and net-
work model definition.

3 | SIMULATION DEMONSTRATIONS AND
COMPUTATIONAL PERFORMANCE
3.1 | Simulation examples

3.1.1 | Emergence of new variants and epi-eco-evo
dynamics of fast-evolving pathogens

We simulated a SARS-CoV-2 outbreak in 10,000 hosts on a Barabasi-
Albert contact network, demonstrating e3SIM's unique capacity to
model dynamic coupling among epidemic dynamics, pathogen evolu-
tion and adaptive responses to changing environments. We specified
genetic architectures for transmissibility and two drug-resistance
traits, sequentially introducing two population-level drug treatments
(Figure 4) to evaluate their impacts on outbreak dynamics, the emer-
gence of drug resistance and long-term evolutionary consequences.
Before treatment (days 0-249), epidemic dynamics reached equilibrium
(Figure 4a), dominated by high-transmissibility pathogens (Figure 4b).
The first treatment (days 250-499) initially caused a rapid decline in in-
fected individuals, but subsequent de novo resistance mutations to the
first drug (Figure S3) gradually reduced treatment efficacy, leading to a
resurgence of infected and exposed populations. Even after introduc-
ing the second treatment (days 500-729), the selective advantage of
strains resistant to the second drug (Figure S4), together with their el-

evated transmissibility (Figure S5), drove further epidemic resurgence.
3.1.2 | Effects of superspreaders and contact
network on epidemic dynamics

To demonstrate e3SIM's ability to model dynamic interactions be-
tween host population structure and pathogen genetic traits, we
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simulated three epidemic scenarios with Mtb (Melsew et al., 2019)
using five seed strains with varying transmissibility (Figure 5a): (1)
random seed-host matching in an Erd6s-Rényi network; (2) match-
ing high-transmissibility seeds to socially active (high-degree) hosts
and low-transmissibility seeds to less active (low-degree) hosts in a
Barabasi-Albert network (Figure 5b); and (3) the reverse scenario,
matching low-transmissibility seeds to high-degree hosts and high-
transmissibility seeds to low-degree hosts in a Barabasi-Albert net-
work (Figure 5c). Transmission dynamics depended strongly on host
contact structure. High-transmissibility strains generally produced
more progeny (Figure 5d), particularly when infecting socially active
hosts (Figure 5e). However, even low-transmissibility strains could

yield substantial numbers of progeny when infecting socially active
hosts (Figure 5f), complicating inferences of pathogen transmissibil-
ity from observed cluster sizes (Tupper et al., 2022). Network topol-
ogy and seeding strategy further influenced compartment sizes and
equilibrium dynamics (Figure 5g-i; Figure S6).

3.2 | Runtime profiling

The runtime of OutbreakSimulator depends on various
parameters influencing expected outbreak size, including the
number of seeds and traits, genome length, mutation rate and
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FIGURE 5 Effects of host population structure and pathogen genetic traits on Mtb transmission dynamics. (a) Relative seed transmissibility
(IDs 0-4). Colours denote seed IDs across panels. (b, c) Truncated contact-degree distributions (degree < 20; grey histograms) for seed-host
matching scenario 2 (b, assortative: high-transmissibility — high-degree; low-transmissibility — low-degree) and scenario 3 (c, disassortative: low
— high; high — low). Vertical lines indicate seed-matched contact degrees. (d-f) Example genealogies of sampled pathogens coloured by seed
transmissibility for scenarios 1-3: random (d); assortative (e); disassortative (f). (g-i) Progeny-size trajectories per seed for scenarios 1-3 (50
replicates per scenario); bold lines indicate means. Corresponding SEIR compartment trajectories appear in Figure Sé.
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runtime across successful replicates (out of 10) per parameter set.
The x-axis shows the expected maximum samples per tick (host
population size x sequential sampling probability), set to 1, 5 or 10
across population sizes (Table S6).

epidemiological parameters. We profiled runtime by varying host
population size, sampling rate and base transmission probability ().
Simulations were run on a MacBook Pro (Apple M2 Pro CPU, 32GB
RAM). Runtime increased substantially with host population size
(Figure 6; Figure S7A). For 100,000 hosts, simulations completed in
~30min and reached equilibrium (~60% infected) after ~100 ticks.
Increasing the expected maximum sample size per tick from 1 to 10
increased runtime for small populations (4.0-fold at 10,000 hosts)
but had a minor effect for larger populations (~9% at 100,000 hosts).
Base transmission probability (f) strongly influenced outbreak size,
and thus runtime, as confirmed by additional profiling on Linux
(Figure S7B; parameters in Table S5).

4 | DISCUSSION

We introduced e3SIM, an epi-eco-evo simulation framework de-
signed for studying how the eco-evolutionary dynamics of patho-
gens impact disease transmission through the explicit coupling of
these processes. With its modular architecture, e3SIM supports
diverse epidemiological and population-genetic complexities, inte-
grating compartmental models, host contact networks and quanti-
tative trait models for pathogen traits. Additionally, e3SIM features
a user-friendly GUI for broad accessibility. Simulations involving
SARS-CoV-2 and Mtb demonstrate e3SIM's unique capability to
realistically model pathogen molecular evolution jointly with epide-
miological dynamics under environmental drivers.

Many simulators offer specialized features absent in e3SIM
(e.g. TiPS's exact sample matching—Danesh et al., 2023; nosoi's
continuous-space transmission—Lequime et al., 2020), but our focus
is on the efficient, fully integrated coupling of epi-eco-evo dynam-
ics in a unified simulation framework (Table 1). While Cardenas
et al., 2022 introduced several advanced features, their approach
is restricted to the SIRDS (susceptible-infectious-recovered-de-
ceased-susceptible) compartmental model, thus excluding key epi-
demiological complexities such as latency (e.g. in Mtb), and it lacks

B Methodsin Eclogy and Evalution |
molecular evolution models. Moreover, its assumption of uniform
contact rates within structured populations restricts accurate
modelling of individual-level heterogeneity. Another limitation of
Cardenas et al., 2022 is its inability to generate true pathogen ge-
nealogies, an essential component for phylodynamic studies in ge-
nomic epidemiology (Featherstone et al., 2022; Guinat et al., 2021,
Ingle et al., 2021). Its complexity and lack of a user-friendly interface
further limit practical usability. e3SIM addresses these limitations
by comprehensively integrating these features within a modular and
user-friendly framework.

While e3SIM is a powerful tool, it has several limitations. First,
it does not model recombination, a crucial evolutionary mechanism
in pathogens (Awadalla, 2003) such as HIV and hepatitis C, poten-
tially constraining accurate representation of genetic diversity and
evolutionary dynamics in non-clonal pathogens. e3SIM also does
not explicitly model host-pathogen co-evolution, an important evo-
lutionary driver in both host and pathogen (Woolhouse et al., 2002).
However, these limitations could be addressed by leveraging SLiM's
recombination and multispecies features (Haller & Messer, 2023)
and tree-sequence recording for phylogenetic network or ances-
tral recombination graph output with tskit (Wong et al., 2024).
Furthermore, the current implementation employs a static contact
network, limiting realistic representation of dynamic human interac-
tions. In real-world scenarios, contact patterns can vary temporally
due to social behaviours, public health interventions and seasonal
variations (Bansal et al., 2010). To our knowledge, no existing ge-
nomic epidemiology simulators explicitly incorporate dynamic con-
tact networks. Future enhancements of e3SIM could integrate
dynamic networks and stochastic models of temporal contact forma-
tion and dissolution to achieve more realistic host interactions. Lastly,
the integration of individual-based contact networks, genome-based
pathogen evolution and dynamic epi-eco-evo coupling makes e3SIM
computationally better suited to local rather than global-scale epi-

demic simulations.
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