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Abstract:

While the reciprocal effects of ecological and evolutionary dynamics are increasingly
recognized as an important driver for biodiversity, detection of such eco-evolutionary
feedbacks, their underlying mechanisms, and their consequences remains challenging. Eco-
evolutionary dynamics occur at different spatial and temporal scales and can leave signatures
at different levels of organization (e.g., gene, protein, trait, community) that are often difficult
to detect. Recent advances in statistical methods combined with alternative hypothesis tests
provide a promising approach to identify potential eco-evolutionary drivers for observed data
even in non-model systems that are not amenable to experimental manipulation. We discuss
recent advances in eco-evolutionary modelling and statistical methods and discuss
challenges for fitting mechanistic models to eco-evolutionary data.
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Introduction

The field of eco-evolutionary dynamics centers on the paired observations that evolution can
occur on overlapping timescales with ecological processes, and that ecological processes
are influenced by traits that can both respond to and drive evolutionary change. Eco-
evolutionary feedbacks occur when evolution of a trait or property impacts population or
community dynamics (or vice-versa), which feeds back to drive further evolution (or
ecological dynamics), in a continued cycle [1,2]. These eco-evolutionary dynamics need not
be invoked if the timescales of ecological and evolutionary dynamics are sufficiently separate
or if phenotypic variance is low enough that a mean phenotypic value captures ecological
dynamics sufficiently [1]. However even with this clear definition, it remains that all biological
systems experience evolution, and these evolutionary processes are occurring while
ecological dynamics proceed. In the absence of intertwined feedback loops and especially in
their presence, past or contemporary evolution can impact the dynamics of ecological
processes. Studies have identified instances of eco-evolutionary interactions and feedbacks
and demonstrated their strong impacts on populations, communities, and ecosystems [3,4,5,
6], but those impacts can be difficult to detect due to often complex relationship of ecological
and evolutionary processes. Thus, determining potential eco-evolutionary drivers of
population, community, and ecosystem dynamics remains a major challenge. This restricts
our ability to evaluate the consequences of eco-evolutionary dynamics on contemporary and
future biodiversity in natural settings and in non-model organisms.

Some studies have implemented methods (e.g. [7,8,9]) that ultimately take a target variable
of interest - usually a phenotypic trait or vital rate shared across the species under study -
constructs categories of contributing factors to variation in that target variable, and assigns
total phenotypic variance to these fractions (often by holding one process constant and
averaging across the change in the other effects; e.g. [10]). These fractions are linear and
additive, but lack a mechanistic basis, and are calculated retrospectively, which means they
are limited for predicting future changes. Analysis methods for the study of eco-evolutionary
dynamics should instead consider the mechanistic basis of data structure, realistic models of
variance and uncertainty, and the complexity of eco-evolutionary feedbacks and processes
with distinct signatures at different temporal, spatial, and biodiversity scales (Box 1). Model-
based hypothesis testing by comparing among alternative eco-evolutionary hypotheses has
recently emerged as an alternative to existing correlative approaches and this framework can
be used to address the unanswered questions in the field [11,12,13]. We summarize here the
basic building blocks of using mechanistic models and statistical inference to pair eco-
evolutionary data with a theoretical or simulation model. We provide guidance on how to
construct alternative hypotheses, fit these to observed data, and generate posterior
probabilities for these hypothesized processes. The goal of statistical inference for eco-
evolutionary dynamics is not that all datasets must perfectly capture each step of historical
dynamics, nor that all datasets must be fit to the same ANOVA-based linear model to
categorize average effect sizes. We provide directions to make inference about the potentially
complex processes that structure eco-evolutionary data, to identify whether eco-evolutionary
feedbacks are operating in a specific system, and to determine the consequences of these
dynamics for critical emergent properties such as resilience, stability, diversity, extinction, or
ecosystem function.
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A structured workflow for model-based hypothesis testing in eco-evolutionary dynamics
Eco-evolutionary research questions may center on whether only evolutionary or only
ecological processes in isolation are sufficient to account for observed patterns of diversity
or whether ecological and evolutionary processes interact in a feedback loop that results in
novel dynamics and diversity patterns. Research questions can thus be formulated as a core
of null and alternative hypotheses expressed in the form of alternative competing mechanistic
models (Figure 1). Simulations from the models can then be matched to these alternative
hypotheses, and rigorously compared to observed data to identify the variety of relevant
processes (ecological, evolutionary, and eco-evolutionary feedback) that are consistent with
this observed data. The simulations provide features (i.e. summary statistics; see Glossary)
that are compared to corresponding features in the observed dataset, and many thousands
of simulations should be run under each model to generate potential distributions of these
features. Examples of these summary statistics in eco-evolutionary simulation models include
spatial alpha diversity, frequencies of different range sizes, normalized lineage-through-time
diversification curves [14], or summary statistics across three data axes (species
abundances, population genetic variation, and trait values; [12]). We describe examples of
such eco-evolutionary hypothesis formulations (Box 1, Figure 1), and how to compare
observed data to these models (Box 2).

Choose a mechanistic model for eco-evolutionary hypothesis testing

The first step in eco-evolutionary hypothesis testing is to identify a mechanistic model to pair
with observed data. This potential challenge is not unique to eco-evolutionary dynamics but
is also a necessary step to make the field more predictive. Once the research question has
been identified and the relevant biological data have been collected, there are a few options
for selecting an appropriate model. The choice of model should be based on knowledge of
the system (e.g., mechanisms and process that determine ecological dynamics, patterns, or
outcomes), the relevant biodiversity (from genes to communities), the spatial and temporal
scales relevant to the data of interest, as well as the summary statistics used to compare
model simulations to observed data (Box 1). It is not always necessary to develop an entirely
new model or design an experiment that estimates all parameters in a single theoretical
model, as one can choose among existing models or tools to build models. These could be
theoretical models, or simulation models that can reproduce the dynamics described in
theoretical models. Numerous R software packages exist that allow simulations of commonly
used ecological models such as logistic growth and multi-species interaction models
(gauseR; [15]), consumer functional response models (FRAIR; [16]), infectious disease
models (EpiDynamics; [17]), and island biogeography and metapopulation models
(EcoEvoApps; [18]), and researchers can use open-source code to extend the model to
consider evolution. The EcoEvo Mathematica package
(https://github.com/cklausme/EcoEvo) allows simulations and equilibrium condition analyses
of species- and trait-based eco-evolutionary models, using differential equations with intra-
and inter-specific interactions and either quantitative genetic or adaptive dynamics trait
models.

If models with known equations that capture the eco-evolutionary dynamics of interest do not
exist or are too difficult to develop de novo, a researcher might instead use one from the
emerging class of general-use eco-evolutionary simulation models (Box 1; Supplement

1). These generally use a fixed set of input parameters to model sequence, phenotypic,
3
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and/or phylogenetic evolution, where evolving traits impact how individuals grow, reproduce,
die, move across a landscape, and interact with their environment and with other individuals,
and where individuals inhabit a landscape with user-specified connectivity and movement
patterns. These models can simultaneously consider both ecological and evolutionary
diversity-generating processes (e.g., speciation, neutral and adaptive sequence and
phenotypic evolution, spatial and environmental drivers of population and community
structure), and generate known patterns that emerge from these processes (e.g., nucleotide
diversity patterns, rank abundance curves, species-genetic diversity correlations). The
models differ in some ways, such as the ease of implementing age- or stage-based
population structure (NEMO-AGE, [19]), the inclusion of molecular evolution, (NEMO-AGE;
SLiM 4, [20]), the built-in models for organismal movement (RangeShifter; [21]), and the types
of built-in species interactions (Box 1).

Generate alternative hypotheses for processes that structure observed data
Research in eco-evolutionary dynamics has moved forward from asking whether evolution
impacts ecological processes to identifying the mechanism of this effect [22,23,24]. Linking
mechanistic modeling with observational data could allow investigation of these mechanisms
even if they are not easily accessible through direct measurements (e.g., in field surveys, or
for mechanisms that are typically accessible only through experimental manipulation). Some
potential examples of hypotheses that could be studied by comparing data to mechanistic
models include the precise form or mechanism of evolution (e.g., evolution of single or
multiple traits, uncorrelated or correlated, the existence of trade-offs between evolution of life
history traits and competition and their effects on community structure), or identifying
feedbacks between ecological and evolutionary dynamics. Testing these types of hypotheses
represents a step beyond showing only that ecology and evolution occur simultaneously.

To illustrate how eco-evolutionary hypothesis testing can work, we consider one example of
eco-evolutionary dynamics on a micro-evolutionary timescale at a single spatial location - an
epidemiological model with virulence evolution [25], where the number of individuals in
susceptible (S) and infected (I) host populations are determined by a transmission-virulence
tradeoff. Virulence (a) can evolve if the additive genetic variance for this trait V > 0, and the
rate of change for this trait depends on the susceptible host population size (da/dt = f(S)).
This link between the evolving trait and host population dynamics represents an eco-
evolutionary feedback as dS/dt = f(a) and da/dt = f(S) [1]. A null hypothesis for comparing
empirical data to this model system could be that phenotypic evolution is not possible (the
additive genetic variance for virulence V = 0), with an alternative hypothesis where evolution
(V > 0) and a feedback between evolution and ecology is possible, and an additional
alternative hypothesis where eco-evolutionary dynamics are removed from the system by

decoupling the dependence of virulence evolution from host population dynamics (da/dt #

f(S); Figure 1A). Additional simulations can be used to explore the impacts of different trade-
off functions (between virulence and transmission, or in the relationship between evolutionary
change in virulence and population size of susceptible hosts).

For an example of eco-evolutionary dynamics on macroevolutionary timescales in multi-
species communities at a large biogeographical scale, we used gen3sis ([14]; Box 1) to
simulate phenotypic evolution, speciation, and community assembly in a hypothetical

4
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community across 40 million years and monitor the impact of various eco-evolutionary
processes for emergent patterns of species diversity. In this example, we consider four
alternative hypotheses for evolution (Figure 1B-E): with single vs. multiple traits, evolving at
the same or different speeds, with traits either uncorrelated or correlated. Resulting patterns
(e.g., of richness at the local a, regional y, and among-site B levels, or of phylogenetic
diversity) can be compared to observed data and model posterior probabilities can inform
researchers of the likelihood that different eco-evolutionary processes have structured their
data. A researcher could also test for the presence of eco-evolutionary feedbacks between
evolution of dispersal ability and range expansion [26], the effects of uniform versus varying
dispersal ability across species, or develop an alternative configuration where traits evolve
as a tradeoff between local competitive ability and colonization ability [27,28]. Eco-
evolutionary simulation models with explicit consideration of sequence evolution (e.g. NEMO-
AGE, [17]; sPEGG, [24]; SLiM 4, [20]; Box 1) allow tests for the role that genetic
architecture plays for structuring eco-evolutionary dynamics (e.g. species that are similar in
niche axes but differ in their degree of standing genetic variation, mating systems, or other
properties that impact adaptive capacity, i.e. [29]). Eco-evolutionary simulation models can
test the impacts of these processes for emergent community properties such as coexistence,
diversity, or resilience to perturbation.

Compare simulated data under each alternative hypothesis to observed data

The next step is to compare observed data to data simulated under null and alternative eco-
evolutionary hypotheses and their associated models. A decision-making or classifying
algorithm can accept or reject simulations based on their similarity to summary statistics of
observed data (Box 1, 2). As observed and simulated data are compared based on the match
in information-rich summary statistics, there is no a priori reason that absolute time series of
sequences, trait, or abundance data are necessary to successfully identify the processes
most likely to have generated an observed dataset. Diverse summary statistics across
different scales and biological levels may be critical to address the problem of equifinality,
where different combinations of processes or model parameters can produce similar patterns
of data at a single biological level [11,30]. Before the step of comparing observed to simulated
summary statistics, a researcher can combine re-classification of simulated datasets (e.g.,
leave-one-out cross validation) with a feature selection algorithm (e.g. a boruta algorithm;
[31]) to both identify summary statistics with the most predictive power for a given target
dataset and to help researchers consider what data properties are most critical to collect for
hypothesis testing. To address data that is at an unknown point along a trajectory towards
model equilibrium, the MESS model includes a parameter A that measures the ‘fraction’ of
equilibrium that a system has obtained (the point at which the starting conditions of the
simulation model are no longer detectable in the state of the system), which can be set to
obtain simulations away from equilibrium and can be estimated from an observed empirical
dataset [12,32].

It is not required to render guesses for or attempt measurements of all model parameters to
compare observed and simulated data. To generate the thousands of simulations needed
under each alternative hypothesis, researchers can instead sample candidate parameter
values from a proposed prior distribution. These prior distributions should be based on a
researcher’'s understanding of the model system when possible (e.g., an uninformative

uniform distribution between 0-1 for a heritability parameter), or informative based on
5
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literature measures (e.g. an increased probability of weak species interactions, [33]; see
[34,35]). After candidate simulations are run and summary statistics (or features) are
extracted from each simulation run, a decision algorithm is used to accept or reject these
simulated data features based on some distance between observed and simulated values.
We describe how to use Approximate Bayesian Computation (ABC, [36]) for such an
algorithmic approach in Box 2, but additional options are available (e.g., Markov chain
Monte Carlo (MCMC), [37,38, 39]; machine learning (ML), [40]; see [41,42] for an overview
of machine learning applied to model fitting in ecology and evolution and Supplement 1 for
an ML alternative to the analysis in Box 2). ABC is a Bayesian statistical computational
approach to estimating posterior distributions of model parameters via random draws from
prior distributions and comparing to observed values via a criterion for acceptance or rejection
[36,43]. Researchers can generate their own models, alternative hypotheses, and associated
simulated summary statistics, and use an existing abc R package [44] for model comparison.
One application of ABC to eco-evolutionary hypothesis testing is the study of Baselga et al.
[45] to estimate the relative importance of dispersal limitation and niche width in
contemporary surveys of genetic and community structure (see also [46]). Machine learning
could also be used to train a classifier algorithm on simulated datasets from known alternative
model conditions, then classify the observed data and generate predicted model class
probabilities. This approach was used by Overcast et al. [12] to classify whether datasets
from contemporary surveys of diverse organismal groups were most consistent with neutral,
environmental filtering, or competition eco-evolutionary models.

Model validation and generating future predictions

Once the decision algorithm (e.g. ABC) is used to produce posterior probabilities for each
candidate model, researchers should consider posterior predictive checks to evaluate model
fit [47,48], evaluate the importance of summary statistics for predictive ability [40,49,50], and
also consider whether to use the model with the highest posterior probability support or to
average over the models with weights based on their relative posterior support [51,52]. After
these steps, researchers can gain valuable knowledge by considering the posterior
distributions of model parameters that result from the simulations retained by the acceptance-
rejection algorithm (Box 2). These posterior estimates of model parameters, some of which
might have associated observations for validation and others of which are impossible or
resource-intensive to estimate, are quite valuable for process inference, and can also serve
as guidance for future data collection to confirm these estimates. They can also be used to
make predictions for future dynamics of the system, with estimates of uncertainty, and with
inclusion of alternative scenarios for future systemic change [53,54].

For studies of eco-evolutionary dynamics, predictive simulations can be used to determine
the importance of eco-evolutionary dynamics and feedbacks for critical emergent properties
such as stability, extinction risk, or biodiversity maintenance. For example in the host-disease
model (Figure 1A), the impacts of including versus excluding the eco-evolutionary feedback
loop for population stability could be evaluated by running simulations with parameters drawn
from posterior distributions under each alternative model, and then generating a posterior
distribution for an emergent property of the simulations such the coefficient of variation
(CV, a metric often used to quantify stability; [55]). In one example, the study of Luiselli et al.
[56] determined the relative impact of the combination of speciation rate and mechanism of

competition for population genetic and community structure in a variety of taxonomic
6
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systems. They used the MESS simulation model to decompose the effects of speciation rates
and competition type for emergent summary statistics of overall species richness, and
community, genetic, and functional trait diversity. Their study found strong differences in the
change in genetic diversity over time depending on whether speciation was included, whether
species interacted neutrally, and on the mechanism of competition considered. Their results
confirm that many of the properties we observe at the level of populations and communities
are generated by eco-evolutionary processes. One recent study has established a
mechanistic basis for the impact of eco-evolutionary dynamics for a critical, emergent system
property of food web collapse. Barbour et al. [23] identified that the presence of a particular
allele (AOP2* or AOP2’) in host Arabidopsis thaliana plants could result in a 29% difference
in extinction rates for associated aphids and parasitoids in an experimental food web.

Concluding remarks and future perspectives

It has previously been said that confirmation of eco-evolutionary predictions requires
monitoring genetic properties of populations and subsequent community interactions over
time intervals in which selection regimes are likely to have caused changes in ecologically
relevant traits [8,57,58]. Studies of eco-evolutionary interactions and feedbacks are thus often
limited to tractable taxonomic systems [59,60], with time-intensive measurements of
phenotypes in common environments. The complex eco-evolutionary processes that provide
structure in data are often collapsed into additive categories with effect sizes estimated using
ANOVA-like variance partitioning without consideration for generalized probability
distributions, fixed and random effects, or non-linear and interacting combinations of drivers
of system responses (e.g. [8,9]). However, similar to the way that processes of evolution and
the dynamics of natural selection leave distinct signatures on contemporary populations that
can be analyzed to infer those historical structuring processes (e.g. [61,62,63]), past eco-
evolutionary dynamics likely leave distinct signatures on contemporary populations and
communities. Researchers must still scale the difficult challenge of identifying which features,
emergent properties, and summary statistics from observed data capture the signatures of
distinct eco-evolutionary processes (e.g., [3]). However, the path of using statistical or
process-based mechanistic models to compare the likelihood of observed data to
alternative models is used in other fields of research where historical processes cannot be
observed (e.g. coalescent processes and demographic history, phylogenetic reconstruction
and patterns, population genetic structure; [20,64,65,66]). The remaining challenges to
uncover eco-evolutionary signatures on extant biodiversity are (i) generating data in
contemporary populations and communities that captures the features necessary to infer eco-
evolutionary structuring processes, (ii) accessing user-friendly versions of statistical models
that can disentangle the numerous processes (drift, selection, gene flow, community
assembly and metacommunity processes, multivariate environmental forcing; [67,68]) that
combine to structure biodiversity from the gene to ecosystem level, and (iii) converging on
mechanistic hypotheses and predictions for the impacts of eco-evolutionary dynamics in
biological systems.

There is good reason to be optimistic on each front. First of all, simulations from mechanistic
models under alternative eco-evolutionary hypotheses can be combined with exploration of
diverse summary statistics and reclassification of subsets of simulated data to identify
potential signatures of eco-evolutionary dynamics in natural systems (Box 1, using Step 2

and 3 to inform Step 1). As biodiversity science is entering an unprecedented era of
7
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technology-assisted, high-throughput data collection [69,70,71] and of open, reproducible
data sharing [72,73], it is increasingly possible to test whether these signatures to identify
eco-evolutionary dynamics are realized in diverse systems. Some recent examples of ‘high-
throughput’ eco-evolutionary data collection exist, including fine time series of multi-species
population size and trait values via fluid imaging technology [74,75], real-time observation of
adaptive tracking to environmental change (e.g. Drosophila melanogaster, [24]; Arabidopsis
thaliana, [76]; other non-model systems, [77,78,79]). Moving eco-evolutionary dynamics into
the genomic era is a promising current direction of study [22,80]. The difficulty of detecting
eco-evolutionary processes in complex systems could be alleviated by genomic data
monitoring [81,82], especially in systems where candidate genes can be used for monitoring
selection in real time and eDNA and high-throughput sequencing can be used for monitoring
evolutionary dynamics and ranges of organisms across large spatial scales [83,84,85].

Second, we have discussed theoretical and simulation models that are moving towards
modeling the full suite of interacting processes that structure biodiversity at multiple scales
(spatial, temporal, diversity across levels of organization; Box 1; additional detail for models
in Supplement 1), and some additional reviews addressed models that can be used to
predict future biodiversity responses to environmental change [86,87]. There is still a need
for statistical tools to detect effects and their magnitudes in experimental and field
observational data, and the difficulty of distinguishing among the many signals that structure
genes, traits, populations, and communities is compounded by the complexity of eco-
evolutionary dynamics. Some new statistical models that address this need include an
integrated reaction norm model linking genetic, phenotypic, and demographic processes [88]
and a species distribution model with local adaptation and phenotypic plasticity (ASDMs;
[89]). Modern statistical models for population and community ecology now consider critical
processes such as observer, measurement, and process error, error propagation, or the
existence of present but undetected species or life stages (e.g. [90,91,92,93,94,95]), and
these features are likely to be important for eco-evolutionary models as well. For linking
microevolution and models of eco-evolutionary dynamics, tools such as sPEGG [24], SLIM 4
[20], and the EcoEvo Mathematica package are currently available for generating features to
compare with observed data. We also share the code used for all the simulations here in an
open-source R package ecoevoR (https://github.com/jhpantel/ecoevoR).

There is an urgent need to move beyond establishing that evolution can be important for
ecological processes or that eco-evolutionary feedback loops might exist in some systems.
Are there particular environmental and spatial conditions [96] or features of community
composition [97] or food web network structure [98] that make eco-evolutionary dynamics
more or less likely to occur? The lack of information here highlights the reality that a
background or null level of interacting eco-evolutionary processes is currently unknown (see
Outstanding Questions). Published examples tend to focus on clear feedbacks between
adaptive evolution and ecological dynamics in organisms that may have disproportionate
adaptive capacity (e.g. Daphnia, [5,99,100]; Arabidopsis, [23]). However, it is currently
unknown whether eco-evolutionary dynamics are driven by large effect alleles vs. allelic
changes in numerous locations with cumulative small effects. Additionally, the role of
adaptive evolution has been considered in many studies of eco-evolutionary dynamics, but
fewer have established the role that sexual selection, genetic drift, or maladaptation might

play (but see discussion of maladaptation in evolutionary rescue literature e.g. [101,102]), as
8
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these processes also structure genetic architecture, population demography, and species
interactions [22,103,104,105]. Given that numerous evolutionary and ecological processes
are continuously occurring, operating at a variety of time scales, answers to these research
guestions are needed for statistical models to be developed that implement accurate
distributions for emergent properties that are often the targets of studies of the impacts of
environmental change. Much of this review focuses on the methodology needed to detect
signatures of eco-evolutionary dynamics in experimental and observed biodiversity data. We
anticipate a research era in which these tools can be used to address urgent, compelling
guestions such as what the role of eco-evolutionary dynamics is for large-scale properties
such as diversity, stability, and ecosystem functioning.
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Glossary:

Approximate Bayesian Computation (ABC) - Approximate Bayesian Computation is a
class of computational methods, based on a Bayesian statistical framework, to simulate
posterior distributions of model parameters via random draws from those distributions and
comparison to some true values of observations via some criterion for acceptance or rejection

boruta - A feature selection algorithm that uses a random forest classification algorithm to
identify predictive features that are more informative than randomly generated features

coefficient of variation (CV) - The ratio of standard deviation to mean

cross validation - A model validation technique to assess how a statistical model or analysis
will generalize to an independent data set, where a part of the data is withheld from training
the model to assess its abilty to classify the withheld data

genetic architecture —the underlying genetic basis that builds and controls a phenotypic trait
of an individual or population and its variational properties, which can include the number of
genes involved, the distribution of their effects, and their interactions (dominance, epistasis,

pleiotropy)

general-use eco-evolutionary simulation model - A class of models to simulate eco-
evolutionary processes, that include intrinsic population dynamics, species interactions with
one another and with their environment, and genetic (molecular or quantitative trait) evolution.
Models should include processes known to impact different levels of biodiversity (genes,
traits, populations, and/or communities) and should accurately reproduce known patterns of
emergent aggregate properties such as gene, species, or phylogenetic diversity

machine learning - A family of computational, algorithmic, or statistical approaches to build
a model based on sample data (training data) to make predictions, decisions, or
classifications without explicit programming of a data-generating model

Markov chain Monte Carlo (MCMC) - A class of algorithms to obtain a sample of a
probability distribution, beginning from an arbitrarily chosen set of starting points and
proceeding by moving at random from the starting point towards representative samples of
the distribution based on some distance or rejection criterion

posterior distribution - Refers to a posterior probability distribution, or the updated
probability distribution for a model parameter after taking into account information (new
information in the form of data)

prior distribution - Refers to a prior probability distribution, or the expression of an uncertain
distribution for the probability of different values of a model parameter, which captures prior
expectations for the shape or structure of the parameter

process-based mechanistic model — A mechanistic model is a characterization of the state
of a system as explicit functions of component parts and their associated actions and
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interactions, and a process-based model is a model that characterizes changes in a system’s
state as explicit functions of the events that drive those state changes [106]

summary statistic — A descriptive statistic calculated from data that gives compressed,
summarized information, used to reduce data dimensionality (though information in the
original data can be lost); may be refered to as ‘features’ in machine learning applications

Outstanding questions:

1. Does the occurrence of eco-evolutionary feedbacks depend on a few alleles with large
effects or on many alleles with small effects in numerous directly and indirectly interacting
species?

2. Under what conditions and how often do the time scales of ecological and evolutionary
dynamics overlap, and does evolution lead to ecological dynamics that cannot be predicted
by ecological processes alone and vice versa?

3. How do sexual selection, genetic drift, or mismatch structure genetic architecture,
population demography, species interactions, and eco-evolutionary dynamics?

4. What is the role of eco-evolutionary dynamics for large-scale properties such as diversity,
stability, and ecosystem functioning?

Tables & Figures:

Figure 1. Eco-evolutionary hypotheses for structure of observed disease and biodiversity
dynamics. (a) Simulations of an eco-evolutionary epidemiological model with virulence
evolution [25] are shown with many of the same model parameters (e.g. So =X, a0 =4,y =
2; Supplement 1 for additional parameter values), but under three alternative hypotheses
that can be compared to observed data. These comparisons of observed to model-generated
data under alternative hypotheses can help identify whether trait evolution and/or eco-
evolutionary feedbacks structured the observed data. Population sizes of susceptible (S, light
blue) and infected (I, light grey) individuals (left y-axis), and pathogen virulence (aq, red, right
y-axis), are given for. Hypothesis 1 (H1, solid line) in an ecological-only model where
pathogen traits (a) cannot evolve, Hypothesis 2 (H2, dashed line) in an eco-evolutionary
dynamics model where pathogen virulence can evolve and impacts host population size, and
Hypothesis 3 (H3, dotted line) in an ecological and evolutionary model where virulence
evolves independently from host population size. Points are shown for a coarser time series
that could potentially be used for comparing observed to model-simulated data, including the
final value for pathogen virulence (red points), as fine time series with records of all population
and trait dynamics are difficult to obtain (see Box 2 for eco-evolutionary hypothesis testing
with such data). (b-e) Simulations of macroevolution, speciation, and community assembly
using the gen3sis eco-evolutionary simulation engine [14], for a hypothetical community of
10 ancestral species, randomly placed as a single initial population on the map of South
America (an 81x71 grid with cell-specific temperature values, these values impact population
growth via the distance between a local population’s trait value and the local optimum, and
also impact local carrying capacity). Movement is via a cost function based on the distance
between sites and a species-specific dispersal value, and evolution and speciation occur
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across the dynamic landscape over 40 million years (Supplement 1 for additional parameter
values). We run simulations under 4 alternative eco-evolutionary hypotheses: (b) Hypothesis
1 (H1) with evolution in a single temperature-related trait that determines population growth,
(c) Hypothesis 2 (H2) with evolution proceeding at the same rate in the temperature trait and
in an additional dispersal-related trait, (d) Hypothesis 3 (H3) with evolution in these two traits
that proceeds at different rates, and (e) Hypothesis 4 (H4) with evolution in the two traits at
differing rates, where the two traits are correlated. For all four hypotheses, the final alpha
diversity (local species richness) and time series of some summary statistics (number of
speciation and extinction events, total regional richness) are shown. These summary
statistics create features that could be used for comparison to observed data to distinguish
among the alternative hypotheses that may have structured observed data (Box 2).
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Box 1. Workflow for model-based hypothesis testing in eco-evolutionary dynamics

1. Identify research question and data

a) Establish eco-evolutionary research questions, identify mechanisms thought to underly
expected dynamics and patterns, and collect data (observational, experimental, field or lab-
based, according to research needs)

b) Identify relevant summary statistics that are emergent properties of the data; e.g.,
nucleotide diversity, within- and among-population genetic variation, center and width of
phenotypic distributions, phylogenetic structure, total population size, rank abundance
curves, normalized lineage-through-time, diversification curves [14], alpha (local), beta
(among-site turnover), and gamma (regional) diversity, frequencies of different range sizes,
or summary statistics across three data axes (species abundances, population genetic
variation, and trait values; [12]). Choosing the most informative summary statistics emerges
from the research question and the data available (e.g., total abundance data at one time
point will unlikely produce informative model comparisons). Ideally, the summary statistics
are determined before data collection via steps 2-4, as simulations and the algorithms used
for hypothesis testing can be used to inform what type of data might capture the signature of
particular eco-evolutionary dynamics. Summary statistics can be derived from time series or
individual points in time, and one should consider diverse summary statistics across different
scales and biological levels to address the problem of equifinality [11].

2. Choose a mechanistic model for eco-evolutionary hypothesis testing

a) Identify relevant biodiversity (from genes to communities), spatial, and temporal scales,
single or multiple species in a community, intra- and inter-specific interactions (e.g.,
consumer-resource, infectious disease dynamics, multi-species competition)

b) Find theoretical model or use general-use eco-evolutionary simulation model (Box 1
Figure 1) that best matches Step 1 and Step 2a and that can implement evolution (e.g., via
molecular genetics, quantitative genetics, or adaptive dynamics model of traits that influence
ecological model parameters), ecology (e.g., via a density dependent process or
consideration of species interactions), and coupled eco-evolutionary processes

3. Generate alternative hypotheses for processes that structure observed data

a) Formulate a core of null and alternative hypotheses expressed in the form of alternative
competing models differing in ecological, evolutionary, and coupled eco-evolutionary
processes. Model alternatives may include varying forms of ecological (e.g., neutral or niche-
based species interactions), evolutionary (e.g., correlated traits, neutral vs. adaptive
evolution), or eco-evolutionary feedback (e.g., density-dependent trait evolution, dispersal-
driven maladaptation impacting local fitness) relationships (Figure 1)

b) Run simulations under each model with sampling of candidate parameter values from a
proposed prior distribution based on the biology of the system (e.g., a uniform distribution
between 0-1 for a heritability parameter), literature search, or system knowledge

4. Compare simulated data under each alternative hypothesis to observed data

a) Identify algorithm to compare simulated and observed data
- Least squares
- Markov Chain Monte Carlo (MCMC)
- Machine learning (ML)
- Aproximate Bayesian Computation (ABC)
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b) Identify summary statistics in simulation data that are compared to observed data

c) Evaluate summary statistics in simulated data and determine whether they are sufficient
to distinguish among alternative hypotheses and their associated distinct eco-evolutionary
mechanisms (i.e. test classification ability using training and test data, revisit summary
statistics to maximize posterior probabilities from data simulated under known conditions) —
note potential summary statistics that are emergent signatures of underlying eco-evolutionary
dynamics (e.qg. shifts in phase of predator-prey cycles [3])

d) Compare summary statistics in simulated data and observed data

e) Exclude simulations based on broad criteria (e.g., do not consider simulation runs where
simulated population becomes extinct but observed population persists, where simulated
species do not coexist but observed do, or otherwise where simulation does not resemble
main features of observed data)

f) Compare simulated summary statistics to observed, reject simulations that are above a
threshold level of similarity to observed data, and generate posterior probabilities for data
under each alternative candidate model

5. Model validation and generating future predictions

a) Consider whether to use the model with the highest posterior probability support or to
average over the models with weights based on their relative posterior support [51,52]

b) Use posterior predictive checks to evaluate model fit [47,48]

c) Use predictive simulations to determine the importance of eco-evolutionary dynamics and
feedbacks for critical emergent properties (e.g., stability, extinction risk, or biodiversity
maintenance)

Box 1, Figure 1. Summary of simulation models of eco-evolutionary dynamics and their
relevant scales, which can be used to simulate the processes that structure observed
biodiversity data. Models are given along with the spatial, temporal, and biodiversity scales
considered by the model. We indicate if a level of biodiversity is modeled with filled symbols,
and open symbols indicate some special considerations must be given to apply the model to
that scale. We use +, -, and 0 to indicate positive, negative, or neutral interactions between
species considered in a model (and a filled circle for species interactions means that all types
are considered).

1) The MESS model considers multiple sites, but is spatially implicit, with a regional
metacommunity immigration rate m (probability that an individual replacing a dead individual
at a site is a migrant from the metacommunity).

2) Sequence evolution is not considered during forward-time simulations of community
assembly, but parameters needed to simulate backward-time coalescent models for genes
are estimated, and these coalescent simulations produce data consistent with user-specified
sample size (number of individuals per species) and length of sequence.

3) Evolution for a single trait is considered, and no intraspecific variation is modeled.

4) In the gen3sis model, the current implementation examples include competition. The
species ecology is customizable and can be programmed to consider additional species
interactions. However, divergence, speciation, and examples of competition are currently
dependent on a single shared trait, which is traditionally used for competition models.
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5) In the BioGEEM model, space is modeled to resemble an island, with 1 km2-sized grids,
with each cell assigned to an island side, elevation, and associated temperature.

6) Evolving traits determine a population’s suitability and growth on a grid type, dispersal
properties, and stage-specific body masses. The model considers plant evolution and life
stages and life form types unique to plants.

7) Competition is implemented via space limitation, determined by cell area.
8) In the RangeShifter model, all evolving traits are related to dispersal.
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Box 2. Eco-evolutionary hypothesis testing with ABC
We demonstrate a five-step process to compare observed data to data produced by a
Two examples of observed data theoretical model, to identify the most likely
that can result from ecological (Case 1) set of processes that produced the observed
or eco-evolutionary (Case 2) processes data. (a) Candidate model development:
N svolution (1%1.2420)  Evalaton (2, s=on2s=0.25) | OUT €xample of potential observed data is a
1 time series (with values taken every two
4 1?1'1 g weeks, represented by points) of population
1 ) | size in a community with three species that
{ coexist, compete for a shared resource, and
| have a key trait x (represented by the length
(e o o e o DA o o o o o of the organisms to the right of the plots) that
° e oS e T0 =0 a0 impacts their mean fitness. The two time

time (day) . .

series were produced by a model with
identical growth and competition parameters (values for interaction coefficients aii and aijj were
chosen to represent intransitive competition; [101]; see Supplement 1 for additional
parameter values of the simulation model used here), but in Case 1 the trait values are fixed
and in Case 2, the trait values can evolve (via a model of evolutionary rescue; [102]). We
focus on the data in Case 2 to use alternative hypothesis testing to identify the processes
(ecological or eco-evolutionary) that produced the observed data. (b) Simulations: The first
step is to come up with a model that could realistically produce the observed data under each
of two alternative hypotheses. Here, we use a Beverton-Holt model with evolution in a
heritable trait x that impacts population growth. We will compare Hypothesis 1 (H1) where
evolution is not possible (h? = 0 for all species) and Hypothesis 2 (H2) where evolution is
possible (h? 2 0 for all species) and determine which is a better match to our observed data

800

600

200
[

population size (N)
1]

0
L

Candidate model for observed data (Case 2) Prior parameter distributions under (the data in
WP alternative ecological (H,) and eco- panel a, Case 2).
s T e evolutionary (H,) hypotheses We ran 100,000
N . We b N, Prior shared under H; and H, simulations
i+l = 1
1+ ayNi; + X ayNj, s under the two
parameter description E 06 a|tern ative
Niy population size of species i at time ¢ ©
Growth rate of population with optimum -8 0.4 models. For all
w trait value S 0o
width of phenotypic distribution, strength o unknown or
P, w of Gaussian selection 04, . = = . o - - g
Distance between environmental optimum 0 0204 06 08 10 5 10 15 unmeasu red
E-x, trait value and population mean trait value a w
" heritability Prior differs under alternative ecological pgrame?ers, ) a
- o ~ (H4: h?=0) and eco-evolutionary given simulation
, aj; , Pe.r-cap.|ta impact of species j on species i (H2: h2 > 0) hypotheses uses a random
Fitness distributions for values of w
S 1 draw from a
|vo.8 208 ;
75 = prior
o s distribution
E 0.4 -8 0.4 ]
L o2 Q 02 chosen to be
. 0 - - J i ] . .
e O I _ uninformative
X h h (i.e., for model

H2, heritability is drawn from a random uniform distribution between 0-1), informed by prior
expert knowledge about the system (i.e. interaction coefficients are drawn from a beta
distribution that places an increased likelihood on weak interactions (a ~ beta(0.25,10); [29]),

or chosen using some value generator (e.g. as in [20])). For the random draws from the prior
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https://paperpile.com/c/3HiBom/zRiOs
https://paperpile.com/c/3HiBom/qlYUC
https://paperpile.com/c/3HiBom/6NZrn
https://paperpile.com/c/3HiBom/zhsF

distribution of w (the width of the Gaussian fitness function; example random draws are
shown as orange points), the associated Gaussian fitness functions (the relationship between

Simulated summary statistics(“.") are compared to observed,
then accepted (E]) or rejected () based on threshold H1 Hz . .
distance, giving a posterior probability (PostPr) that each PostPr 01935  0.8065 trait value on the X'aX|S) are
model produced observed summary statistics

H,: No Evolution (h?=0) H,: Evolution (h?>0)

fitness on the y-axis and

shown. (c) Model
selection: For each run of

X X X the simulation, the

| candidate parameter values
/ drawn from the prior
distributions produce a

simulated dataset, which is
I | R ) then compared to the
- / 17 17 observed summary

/ Z statistics (the points and

population size (N)

= | s | s | X300 trait values in panel a)

X | — X X using a distance function.

| We used a hidden-layer
| |/ P F neural network to minimize
| N | N A / the distance  between

. observed and simulation
time (day) summary statistics (using

the R package abc; [36]). Some simulations are below this threshold distance and accepted
(green checks) and some are above this threshold distance and rejected (red X). In this
example, we limited the simulations to those where all 3 species had population size greater
than 0, to better match the observed data (highlighted by dark red boxes). From this
proportion of accepted models under each alternative hypothesis, a posterior model
probability is generated (given in the table as PostPr). This indicates the probability the
observed data was produced by each model. (d) Parameter estimation: Once a

hypothesized

model is
identified (i.e.
H2, the model
with  evolution
in this instance,
with a posterior

probability  of
80%), the
randomly
drawn
parameter
values that
produced the
accepted

simulations can
be wused to
estimate the
posterior

Posterior distributions for model parameters, estimated
from parameter values of accepted (|:|) simulations (H,)

1

Probabiity

0 02 04 06 08 1

h2

Probabiity

—_—
0 05 10 15 20

Probabiity

r T T T T 1 r T T T T 1 f T T T T 1
0 0.01 0.02 0.03 0.04 0.05 O 0.01 0.02 0.03 0.04 0.05 0 0.01 0.02 0.03 0.04 0.05
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distributions of model parameters that
were not measured in the simulation [32]. In
this example, the ABC process can
successfully detect that Species 3 (colored
orange) is unlikely to be the evolving
species as the most probable values of h?
are centered around 0. A higher weight is
given to evolution (h? > 0) for Species 2
(colored light blue) compared to Species 1
(colored grey), but the ABC is unable to
clearly resolve the true state of the system
that h213 = 0 and h?2=0.25. We also show
posterior distributions for the strength of
selection w (prior: light blue, true value:
black, posterior distribution: dark red) and
intra- and  interspecific  interaction

Posterior predictive checks with 95% CI (==)
generated using acceptedsimulations (D with lowe st
Euclidean distance to observed summary statistics (

@ e mm e e m—m———— -

8004 /

4004

r N — - — —— — — — — — — — — — — — — — — —

population size (N)

_______________________________

time (day)

)

coefficients (aii) and aij respectively). (e) Posterior predictions: The quality of the selected
model (H2, with evolution) is assessed by comparing the data (in panel a, Case 2) to
predictions made under the accepted model and associated parameter posterior
distributions. The 95% confidence intervals (blue dashed lines) for each species were
obtained by running simulations using the parameter values from a subset of accepted
simulations with lowest Euclidean distance to the observed values of summary statistics.
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