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Abstract

More widespread species tend to be more locally abundant. This hypothesis
has received support when considering single species abundance (mean density
of individuals across sites) and occupancy (fraction of occupied sites) through
time (intraspecific relationship) and comparing different species sampled
at a single point in time (interspecific relationships). But while abundance-
occupancy relationships are fairly well supported in observational studies, the
underlying factors driving them are less clear. For instance, variation in demo-
graphic rates, dispersal, and spatial network structure could all influence
resulting abundance-occupancy relationships. We used a simulation model to
explore these relationships in spatial networks of variable size and dispersal con-
nectivity. We simulated population dynamics on spatial networks by starting
from entirely neutral communities and then systematically incorporated com-
plexity in the form of (co)variation in species demographic rates and dispersal
processes. The effect of spatial network structure on abundance-occupancy rela-
tionships was dependent on the community dynamics and the covariation
imposed on demographic and dispersal parameters. Together, we demonstrate
the interplay between the spatial network and variation in demographic and
dispersal rates, generating testable hypotheses for when abundance-occupancy
relationships would be more likely to be observed, as well as how these rela-
tionships may change with habitat fragmentation and shifts in community
composition.
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by a given species is positively related to average abun-
dance (Blackburn et al., 2006; Gaston et al., 1998, 2000;

Species that occupy numerous sites are predicted to be
more locally abundant on average (Brown et al., 1995;
Gaston et al., 2000; Hanski, 1982; He & Gaston, 2003).
This prediction is based largely on observational studies
and is at the center of abundance-occupancy relation-
ships, which posits that the fraction of sites occupied

Hanski, 1982; He & Gaston, 2003; Steenweg et al., 2018).
Here, average abundance is most commonly estimated
considering all occupied patches. Abundance-occupancy
relationships are within a more general group of relation-
ships called distribution-abundance relationships, which
could include the scaling between geographic range size
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and mean abundance (Venier & Fahrig, 1996). Positive
abundance-occupancy relationships are well documented
in natural systems (Blackburn et al, 2006; Gaston
et al., 1998, 2000; Webb et al., 2012), though there are also
numerous studies that have failed to detect these relation-
ships (Gaston & Curnutt, 1998; Symonds & Johnson, 2006;
Webb et al., 2007), with some finding negative relation-
ships (Donald & Fuller, 1998; Komonen et al., 2009).
Studies in natural systems have highlighted the roles
of dispersal limitation (Gaston et al., 2000) and temporal
variation in demographic rates caused by variation in
resources (Webb et al., 2019) or climatic tolerances
(Verberk et al., 2010) on resulting abundance-occupancy
relationships. Despite numerous observational explorations
of abundance-occupancy relationships, there have been
few theoretical examinations (Freckleton, Gill, et al., 2005;
Freckleton, Noble, & Webb, 2005; Picard & Favier, 2011).
Abundance-occupancy relationships can be examined
both for a given species (intraspecific) or between species
(interspecific), where intraspecific relationships explore
how the fraction of occupied patches is associated
with mean local abundance over time (see Borregaard &
Rahbek, 2010 for an extension of this). The underlying
idea of intraspecific abundance-occupancy relationships
is that time periods with higher than average abundance
across the sampled locations will also promote expan-
sion and colonization of previously unoccupied sites.
Interspecific abundance-occupancy relationships—which
tend to be stronger than their intraspecific counterparts
(Borregaard & Rahbek, 2010; Gaston et al., 2000)—are
sampled at a single point in time or aggregated across
time points, and consider the relationship between the
fraction of occupied patches and mean local abundance
for each species. The underlying idea of interspecific
abundance-occupancy relationships is that species occu-
pying more sites will be more locally abundant, poten-
tially as a result of life history differences which
promote the growth and spread of certain species over
others. There are a number of putative mechanisms
to explain abundance-occupancy relationships as a
function of measurement effects (e.g., sampling bias),
structural effects (e.g., resource availability), dynamic
effects (e.g., density-dependent habitat selection), and
spatial nonindependence effects (e.g., individual aggre-
gation) (reviewed in Borregaard & Rahbek, 2010).
Despite the wealth of studies on abundance-
occupancy relationships in natural systems (reviewed in
Borregaard & Rahbek, 2010), the development of the
theory underlying abundance-occupancy relationships
has lagged behind slightly (but see Hartley, 1998;
Picard & Favier, 2011; Steenweg et al., 2018). Some of
the theory that has been developed has raised the pos-
sibility that abundance-occupancy relationships could

result from simple, and realistic, statistical assumptions
(Hartley, 1998); an argument also raised in a similar
form earlier (Wright, 1991). The argument stems from
the assumed relationship between the binomial probability
of species detection (p) and the Poisson abundance at a
particular patch (p). By posing the problem in this way,
species detection probability is inherently linked to spe-
cies abundance, and intraspecific abundance-occupancy
relationships are a natural result of this. When applied to
empirical systems, there are many things that can influ-
ence both abundance and detection probability which
may decouple abundance and occupancy, weakening
potential abundance-occupancy relationships. That is,
despite claims that these relationships could be used to
estimate species abundance (Tovo et al., 2019), the actual
predictive power of abundance-occupancy relationships
is quite small (Cowley et al., 2001; Gaston, 1996; Verberk
et al., 2010).

So theoretical explorations of abundance-occupancy
relationships would seem to suggest a clear relationship
(Hartley, 1998), even in neutral models which consider
all individuals in a community to be functionally equi-
valent (Hubbell, 1997), despite commonly observing
weak or nonexistent relationships in natural systems
(Cowley et al, 2001; Gaston, 1996; Ten Caten
et al.,, 2021). But what factors influence the relative
strength of abundance-occupancy relationships is largely
unknown, leading to the observed mixed support for
a quite general biogeographical relationship (Ten Caten
et al., 2021). We aimed to explore how the spatial distri-
bution of habitat patches and interspecific variation in
demographic and dispersal parameters could result in dif-
fering levels of support for both intraspecific and inter-
specific abundance-occupancy relationships.

We propose a spatially explicit simulation model to
explore intraspecific and interspecific relationships, simu-
lating species population dynamics across a number of
habitat patches connected by dispersal (hereafter referred
to as a spatial network). Starting in a spatial network of
suitable habitat patches, we vary the number and spatial
distribution of suitable patches, along with species demo-
graphic rates and covariance between dispersal and
demographic parameters. Essentially, we start from a
completely neutral model of species occupying a spatial
network, which treats species as equivalent and all simu-
lations are initiated with species of the same occupancy,
competition coefficient, and dispersal rates. We then sys-
tematically incorporate demographic and dispersal pro-
cess variation in order to explore when we would expect
to observe abundance-occupancy relationships and how
strong they may be under a set of given assumptions.
Further, we test how the spatial distribution of habitat
patches and how variation in dispersal connections
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between habitat patches influence resulting abundance-
occupancy relationships under different assumptions
around species demographic rates and dispersal.
Together, our findings provide evidence that suggests
an interplay between the structure of the spatial net-
work and species demographic and dispersal relation-
ships on abundance-occupancy relationships.

METHODS
Spatial population dynamics

Population dynamics were modeled using the discrete
time Ricker model, in which populations grow propor-
tional to rate R and intraspecific competition a sets an
upper bound to population size (N).

Ni;y1=N;Re (1)

We incorporate demographic stochasticity into
this model by allowing the distribution of the
number of offspring produced per generation to be
drawn per individual from a Poisson distribution
with mean R, and by incorporating survivorship as a
binomial random variable with probability e~V
Combining these processes results in the number of sur-
viving individuals that go to the next generation (N;.1)
to be distributed as a compound binomial-Poisson distri-
bution, where

N, ;1 ="Poisson(N; R e~ V) (2)

This creates a situation where extinction is much
more likely relative to a deterministic model, which we
explore in Appendix S1. Further information on the sto-
chastic Poisson Ricker model can be found in the supple-
mental methods of (Melbourne & Hastings, 2008) or in
(Dallas et al., 2019).

Spatial network formation

Habitat patches consist of individual populations, assem-
bled into a spatial network of multiple habitat patches
to allow dispersal. This allows both for local population
dynamics within a habitat patch, as well as for immi-
gration and emigration to influence population dyn-
amics across the landscape through the exchange of
individuals between patches. Spatial networks were
constructed using a stochastic block model (Faust &
Wasserman, 1992), originally designed to construct net-
works with a given modular structure. The degree of

modularity is determined by the preference matrix P,
where entries in this matrix determine propensity of links
to form within (P;) and outside of (P;) blocks. This
allows us to control the number of blocks (b), where
blocks are defined as clusters of habitat patches more
closely connected to one another than to other groups
of habitat patches, as well as the degree of modularity
(determined by the preference matrix P) and the number
of dispersal connections in the network (Figure 1). By
sampling ranges for the size of the spatial network
(between 10 and 300 patches), number of blocks (between
2 and 5), and differences in the structure of the prefer-
ence matrix (P), we effectively sample a wide range of
potential spatial network types (Table 1). We note that
this does not capture the full range of spatial network
configurations, including some which may be relevant
to agricultural systems (e.g., lattice). The stochastic
block model creates the identities of links within the
network but can create networks that do not necessarily
adhere to a spatial layout. We addressed this by using
the Fruchterman-Reingold algorithm (Fruchterman &
Reingold, 1991) to create a layout for the planar graph
that approximates a spatial network, and then we assig-
ned edgeweights between connected nodes in a manner
that further enforced the spatial network layout (see next
section). More information on the range of spatial
networks generated is provided in Appendix S1.

Dispersal between patches was modeled by first
considering dispersal to occur with some probability .
The number of individuals dispersing at each time-
step was modeled as a binomial random variable, which
incorporates some degree of randomness by letting
each individual disperse with probability . This effect
will be most pronounced when population sizes are
small. Dispersing individuals were then divided among
connected patches based on distance to nearby patches,
where closer patches received proportionally more
individuals. Distance between patches, and subsequent
dispersal potential, was modeled using a negative
exponential dispersal kernel (Chesson & Lee, 2005)
such that the functional interpatch distance between
patches i and j (wy) is equal to exp(— 2dy), where d;; is
the euclidean distance between patches i and j. These
values serve as edgeweights of the spatial network
constructed in the previous paragraph. We note that
every dispersing individual does reach some connected
patch (i.e., there is no mortality during dispersal),
though others have explored how incorporating this
could influence metapopulation persistence (Karnatak &
Wollrab, 2020).

Parameter ranges were chosen to be intentionally
broad in order to best capture the potential parameter
space where abundance-occupancy relationships could
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Species dynamics were simulated across simulated spatial networks (example spatial network in panel a), where node size

is proportional to population size. In our simulations, we start with variation in patches in population growth rates across the spatial

network, but no variation among species growth rates, dispersal abilities, or initial occupancy (simulation “neutral” in panel b). That is,

patches differ in their growth rates, but species do not. We build on this neutral case by allowing species-level variation in initial occupancy

(panel c), shifting population growth rate distributions (panel d), enforcing a positive relationship between mean population growth rate and

initial occupancy (panel e) and dispersal (panel f). Example interspecific abundance-occupancy relationships for each of these five

simulation scenarios are shown in panel (b), where each point is a species. Slopes from the relationships in panel (b) would correspond to a

single interspecific abundance-occupancy relationship for one of the five scenarios, where repeated simulation across a wide parameter

range leads to the distribution of slopes seen in Figure 2.

TABLE 1
networks and subsequent simulation of dynamics across them.

Parameters used in the construction of spatial

Parameter Definition Range

n No. habitat patches 10-300

b No. blocks 2-5

Pi; Diagonal of preference matrix 0.01-0.2
(intragroup links)

B Non-diagonal of preference matrix 0.1-0.9
(intergroup links)

® Dispersal probability 0.001-0.25

0 Initial occupancy 0.1-0.9

R; Population growth rate 0.8-2

OR Variation in population growth rate ~ 0.01-0.5

Note: Here, subscripts i and j correspond to pairs of geographic sites. These
ranges were chosen to encompass the largest ranges of reasonable values
related to the construction of spatial networks and the dynamics of
biological populations.

be detected. Some parameter ranges are fairly realistic,
such as the number of habitat patches in the spatial
network (10-300) as this encompasses the range of sites
typically sampled in observational data collection efforts.
Other parameter ranges were more theoretical, such as
the range of dispersal probabilities—a notoriously diffi-
cult parameter to estimate in natural systems—which we
vary between 0.001 and 0.25, corresponding to either
0.1% of individuals dispersing on average to 25% of the
population dispersing. Values in the preference matrix
were sampled to fully explore the range of potential
spatial network structures. That is, despite using the
stochastic block model as a spatial network generator,
exploring such a wide range of entries in the preference
matrix (P) allows us to construct spatial networks which
vary markedly in their modularity (see Appendix S1:
Figure S1). See Table 1 for parameter descriptions and
ranges considered.
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From neutral to not

We constructed a set of 500 spatial networks which
population dynamics can occur on. To test how
abundance-occupancy relationships may manifest from
assumptions about species attributes, we start with the
simplest neutral case, building further complexity in
incrementally. By neutral, we assume that all species in a
community do not compete with one another, have the
same initial occupancy (o) and intraspecific competition
coefficient (o =0.05) across the entire spatial network,
and disperse with equal probability (dependent on the
connections of the spatial network). This value of intra-
specific competition was kept constant for all simula-
tions, though this did not influence our overall findings.
Across patches, variation was incorporated in population
growth rate (R;) for each patch in the spatial network—
drawn from a uniform distribution bound between 0.8
and 2—but species did not differ in these patch-specific
population growth rates. That is, all species had the same
measure of population growth rate, dependent on the
occupied patch i (see Appendix S1 for an incorporation of
species-specific differences in patch population growth
rates). Further, see Appendix S1 for an exploration of
how altering population growth rates and intraspecific
competition coefficients does not influence our results.
Habitat patches that were occupied at the start of the sim-
ulation had initial population size drawn from a uniform
distribution bounded between 0 and 30 individuals. Each
simulation was for a particular species, and no inter-
specific competition was incorporated into the model.

To this neutral model, we considered four layers
of additional complexity. First, we sampled initial occu-
pancy (defined above as the fraction of occupied patches)
from a uniform distribution bounded between 0 and 1,
creating a situation where initial occupancy, dispersal
limitation, and stochastic population dynamics could alter
abundance-occupancy relationships. That is, abundance-
occupancy relationships are a result of variation in sto-
chastic population dynamics, where low initial occu-
pancy and randomized abundance could result in
populations that stochastically go extinct, potentially
altering abundance-occupancy relationships.

Second, we incorporated variation among species in
their population growth rates R by adding a constant
value—drawn from a uniform distribution between —0.2
and 0.2—to the population growth rates for each species.
This serves to create variation among species in simpli-
fied landscapes, while preserving dispersal connections,
spatial network structure, and the rank order of demo-
graphic rates. This begins to test how spatial variation in
demographic rates—caused by variation in resources or
climate—can influence species dynamics.

Third, we considered this variation in population
growth rates R to positively covary with initial occupancy.
That is, species that had higher population growth rates
were also species who initially occupied more patches.
This serves to reduce the likelihood of dispersal limita-
tion for species with large R values, while still serving to
keep spatial network structure and dispersal connections
the same across species. This assumption starts to create
a situation where faster growing species also have higher
initial occupancy. However, the role of spatial network
structure and dispersal still may limit the detectability of
abundance-occupancy relationships in this scenario.

Finally, we allowed positive covariance between
initial occupancy, dispersal probability, and population
growth rates, creating a situation where species with high
initial occupancy were also more likely to disperse, and
had the greatest ability to grow quickly due to higher
population growth rates. Intraspecific competition coeffi-
cients were kept at 0.05 for all species through all these
scenarios. Biologically, this situation creates the most var-
iation among species, as species with the highest popula-
tion growth rates also are not dispersal limited (highest
initial occupancy and dispersal probabilities).

Intraspecific and interspecific
abundance-occupancy relationships

We simulated population dynamics for 40 species for
each spatial network (n = 500 networks total), with the
dynamics of each species simulated for 500 generations.
Intraspecific abundance-occupancy relationships were
assessed by considering the temporal dynamics of the
species across the spatial network after accounting for
some initial abundance fluctuations. To account for
this, we did not consider the first 10 generations in the
calculation of mean local abundance and occupancy (see
Appendix S1: Figures S8 and S9). Some species went
extinct during simulations, with average extinction time
between 40 and 60 timesteps. We only considered their
dynamics up until the point of extinction. Mean local
abundance was the mean abundance across all occupied
patches, and occupancy was estimated as the fraction
of occupied patches in a given generation. The relation-
ship between these two quantities was measured using
Spearman’s correlation coefficients, providing a relative
measure of the sign and strength of the relationship
between abundance and occupancy.

Interspecific relationships were also estimated using
Spearman’s correlations. In order to explore inter-
specific abundance-occupancy relationships across a
range of species richness and across all the simu-
lated spatial networks, we constructed communities by
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sampling noninteracting species randomly and assem-
bling communities of between 2 and 40 species. Here,
abundance-occupancy relationships were estimated by
considering abundance to be mean local abundance for
each species over time, and occupancy was quantified
as the mean occupancy observed over time for that
species. Importantly, we did not incorporate species
interactions apart from intraspecific competition. This
was intentional, as the estimation of the competition
matrix is nontrivial (Fort, 2018; May, 1973; Yonatan
et al., 2022), has implications for species coexistence
(Adler et al., 2018; Barabas et al., 2016), and actively
detracts from the main goal of exploring intraspecific and
interspecific abundance-occupancy relationships from the
same starting point (i.e., neutrality). It is also important
to note the difference in how intraspecific and interspe-
cific abundance-occupancy relationships are estimated, as
each point for the abundance-occupancy relationship may
relate either to a sampled time period (intraspecific rela-
tionship) or an entire species (interspecific relationship).
This also allows for the estimation of how interspecific
abundance-occupancy relationships may change as a
function of time (Martinez et al., 2017).

Statistical analyses

Above, we estimated the strength of abundance-
occupancy relationships using Spearman’s rank cor-
relations. Across the full set of simulations, we further
explored how the strength of abundance-occupancy rela-
tionships varied as a function of characteristics of the
spatial network across our five different treatments
(i.e., starting at neutrality and adding realistic complexity
in demographic parameters). Specifically, we used linear
regression to explore how abundance-occupancy relation-
ships varied as a function of network size and structure.
Network size was estimated as the total number of sites
(or nodes) in the spatial network, and structure was
estimated as the standardized variability of dispersal con-
nections (the CV in dispersal weights). This serves to
assess the role of overall spatial network size as well as
the variation in connectivity. In Appendix S1, we also
explore how network-level measures of network structure
(e.g., modularity) are related to abundance-occupancy
relationships. Models were fit to each of the simulation
cases (e.g., neutral) and separate models were fit for
network size and CV in dispersal connections for clarity
and to avoid the potential collinearity between our two
measures of network structure.

R code and data to reproduce the analyses are pro-
vided in Dallas et al. (2022) in Figshare at https://doi.org/
10.6084/m9.figshare.17072759.

RESULTS

Intraspecific abundance-occupancy
relationships

We found quite weak intraspecific abundance-occupancy
relationships, as estimated by the correlation between
mean abundance across the landscape for a given
sampling period and the fraction of occupied patches
during that same sampling event (Figure 1). Intraspecific
abundance-occupancy relationships were fairly unaff-
ected by incorporating different processes (Figure 2),
suggesting that differences in simulated species in demo-
graphic rates, dispersal, and initial patch occupancy did not
strongly influence the resulting intraspecific abundance-
occupancy relationships. Larger networks tended to have
slightly more positive intraspecific abundance-occupancy
relationships (top row of Figure 3), but this only occurred
after we enforced positive covariance between demo-
graphic parameters and initial occupancy. Similarly,
we found weak positive relationships between the CV
in dispersal connections and intraspecific abundance-
occupancy relationship strength, but only when covari-
ance in demographic parameters and occupancy was
enforced (top row of Figure 4).

Interspecific abundance-occupancy
relationships

Intraspecific abundance-occupancy relationships were
generally weakly positive and not strongly influenced
by variation in demographic rates and covariance in
demography, dispersal, and initial occupancy. However,
interspecific abundance-occupancy relationships were
sensitive to the differing assumptions of the simulation
models (Figure 2). When species dynamics were neutral
(i.e., communities were formed with noninteracting
species who only differed in growth rates and initial occu-
pancy values), we observed fairly weak positive interspe-
cific abundance-occupancy relationships (Figure 2 and
Appendix S1: Figure S3). By incorporating variation in
initial occupancy among species, we found over 50% simu-
lated spatial networks led to significantly positive rela-
tionships. By incorporating interspecific differences in
population growth rates by shifting the growth rates by
a constant, we introduced enough interspecific differences
to produce significant interspecific abundance-occupancy
relationships for 99% of simulated spatial networks
(Appendix S1: Figure S3). By enforcing covariance
between mean population growth rate and initial occu-
pancy and dispersal rate, we observed positive interspecific
abundance-occupancy relationships for all simulated
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FIGURE 2 Intraspecific (a-e) and interspecific (f-j) abundance-occupancy relationships under different null model scenarios.
Intraspecific relationships are based on simulations of individual species (500 simulations), while interspecific relationships are based on
assembled communities. See Figure 1 for an explanation of the five treatments, which start with neutral communities (a and f), and become

progressively non-neutral.
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spatial networks. Both the number of habitat patches in
the spatial network and the variation in dispersal connectiv-
ity were positively related to interspecific abundance-
occupancy relationships (Figure 4), though the positive
covariance between spatial network size and variation in
dispersal connectivity (r = 0.72, p < 0.0001) makes it diffi-
cult to parse out the relative influence of each.

Effects of community richness on
interspecific abundance-occupancy
relationships

We assembled null communities by sampling between
2 and 40 simulated species randomly, creating communi-
ties of essentially noninteracting species, but that did
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vary in demographic and dispersal parameters, depen-
dent on the underlying set of assumptions in the simula-
tion model (Figure 1), which is controlled by enforcing
(co)variation in demographic and dispersal parameters
(Appendix S1: Figure S12). Species richness did not have
a strong effect on subsequent interspecific abundance-
occupancy relationships (Appendix S1: Figure S12). This
is likely due to the lack of interspecific competition in
the simulation model, as competition for space or food
resources may strongly influence species abundances and
community composition.

Spatial network size and interspecific
abundance-occupancy relationships

Spatial network size may influence abundance-occupancy
relationships by imposing dispersal limitations or gene-
rating almost independent groups of populations whose
dynamics are different from other sections of the spatial
network. The effects of spatial network size may manifest
at both intraspecific and interspecific scales. We investi-
gate this across a range of spatial network sizes, providing
evidence for conflicting relationships, with the number of
nodes in the spatial network being positively related to
interspecific abundance-occupancy relationships and neg-
atively related to intraspecific abundance-occupancy rela-
tionships under the spatial neutral null model (Figure 3a).
However, this relationship is completely removed when

realistic demographic variation is added to the null model
simulations (Figure 3b-e). The underlying cause of this
change in the relationship is certainly motivation for fur-
ther research.

DISCUSSION

Here, we use a simulation model to explore how varia-
tion in species demography, dispersal, and the spatial
distribution of habitat patches influence subsequent
intraspecific and interspecific abundance-occupancy
relationships. We find that intraspecific abundance-
occupancy relationships were fairly weak and not
strongly influenced by spatial network structure or the
incorporation of (co)variance in demographic parameters
(e.g., enforcing a relationship between population growth
rate and dispersal). On the other hand, we find clear
evidence for strong interspecific abundance-occupancy
relationships, even under neutral assumptions of species
with equal demographic and dispersal rates. Incorporating
covariance between occupancy, population growth rates,
and dispersal (e.g., species with higher growth rates would
also be more likely to disperse) further strengthens inter-
specific abundance-occupancy relationships. The structure
of the spatial network, specifically the variation in dis-
persal connectivity between habitat patches, was positively
related to interspecific abundance-occupancy strength
when simulated communities were fairly neutral, but
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changed to a negative relationship once initial occupancy
positively covaried with mean population growth rate.
This highlights the importance of the spatial structure
of the landscape, and that the effects of the spatial land-
scape can be overwhelmed by differences among species.
Together, we provide evidence that suggests that
abundance-occupancy relationships depend on both the
structure of the spatial network and assumptions about
species demographic and dispersal rates, and that the
interplay between these two is important (e.g., network size
positively influenced interspecific abundance-occupancy
relationships in the neutral simulations, and negatively
when we enforced positive covariation between dis-
persal probability and population growth rate).

The observation of fairly weak or undetectable intra-
specific abundance-occupancy relationships matches
many observational studies in natural systems, includ-
ing both aquatic (Barnes, 2022; Bijleveld et al., 2018)
and terrestrial (Gaston et al., 1999; Webb et al., 2019)
species. Despite being largely weak, intraspecific
abundance-occupancy relationships are observed in
many natural systems (reviewed in Borregaard &
Rahbek, 2010; Gaston et al., 2000; Holt et al., 2002),
suggesting the potential that species-level variation
may influence the observed variation in relationship
strength. However, we also find that these weak rela-
tionships were not strongly influenced by the incorpora-
tion of species-level differences in demographic rates,
covariance between population growth rate and dis-
persal, or the structure of the spatial network. This is
in contrast with the stronger support for interspecific
abundance-occupancy relationships—supporting previ-
ous suggestions (Borregaard & Rahbek, 2010; Gaston
et al., 2000)—as well as the positive effect of species-level
variation in demographic rates, dispersal, and spatial net-
work structure on abundance-occupancy relationships. The
explanation for this likely relates to the large difference in
the drivers of intra- versus interspecific patterns, as intra-
specific relationships are measured as a function of time,
predicated on the idea that when a species is more abun-
dant in a given time (or a lagged time Manne & Veit, 2020),
it will also be more widespread. This is likely due to tem-
poral change in environmental conditions resulting in
changes to demographic or dispersal parameters.

Abundance-occupancy relationships have received
much empirical interest (Gaston et al., 2000), as well
as some theoretical development (Holt et al., 2002).
However, some of the theoretical development has
criticized the relationships as being a statistical artifact
(Hartley, 1998), and other theory has implicitly assumed
a relationship between occupancy and abundance by
modeling occupancy as a function of abundance. That is,
if we assume that species abundance through time or

across space is distributed as a Poisson random variable,
then occupancy is simply 1—e~", where p is species
abundance. The idea underlying this is that higher spe-
cies abundance will result in higher occupancy, poten-
tially due to the inherent issue of species detection when
species densities are low. Models of this structure are
useful but do not address how species demography,
dispersal, and the structure of the landscape influence
abundance-occupancy relationships. This work builds on
other simulation studies attempting to explore how
abundance-occupancy relationships may result from
species-level differences. For instance, Martinez et al.
(2017) explored interspecific abundance-occupancy rela-
tionships by generating simulated time series based on
sampled fish communities and pointed to the importance
of spatial processes, something which we demonstrate for
interspecific abundance-occupancy relationships in our
spatially explicit simulation model.

This study also highlights how model parameteri-
zation decisions can influence the resulting support
for the relationship observed. One parameter in par-
ticular is worth discussing. The burn-in period con-
sidered was set at 10 generations, something that can
readily be changed depending on the underlying
dynamics the authors wish to capture. Interestingly,
if we increased this burn-in period to remove poten-
tial transient dynamics as the system approaches equi-
librium, we see a shift toward negative intraspecific
abundance-occupancy relationships  (Appendix  SI:
Figure S9). This is potentially due to the reachable
states, in terms of mean abundance and occupancy, that
the system can get to when the system is closer to equi-
librium. We do not tend to observe negative intraspe-
cific abundance-occupancy relationships in natural
systems, either because of this proximity to equilib-
rium issue, or because of numerous other factors that
are currently not incorporated into the modeling
framework. This is an interesting area for future
research to showcase the importance of the environ-
ment, species interactions, and evolution potentially
altering abundance-occupancy relationships.

The spatially explicit nature of the simulation model
allowed us to address how the distribution of habitat
patches and dispersal dynamics of the species influenced
resulting abundance-occupancy relationships. It is impor-
tant to note that the spatial networks we used represent
only a subset of potential spatial network configurations,
as we opted to use a stochastic block model in an attempt
to capture a range of modularity values. Future work
exploring how abundance-occupancy relationships change
as a function of other ecologically relevant network struc-
tures (e.g., a lattice) will likely strengthen the general
results we observed. Furthermore, the model may allow
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for a null estimate of abundance-occupancy relationship
strength in natural systems under different scenarios in
terms of spatial network structure and assumptions of
species neutrality and dispersal dynamics. From a
theoretical perspective, our simulation model approach
could be further explored and built upon by incorporat-
ing additional putative mechanisms and assumptions
about abundance-occupancy relationships, for example,
the importance of interspecific aggregation (Gaston
et al., 1998; Hartley, 1998) and sampling process or scale
(Steenweg et al., 2018). Importantly, our finding of a
dependence of the role of spatial network structure
(in terms of network size and dispersal connection vari-
ability) on the measured abundance-occupancy relation-
ships when different demographic relationships are
enforced (e.g., variation in initial occupancy, covariation
between population growth rate, and dispersal ability)
requires further theoretical and empirical testing. This
interplay between species demographic variation and
habitat network structure could have clear implications
when thinking about how abundance-occupancy rela-
tionships will change through time as community com-
position shifts (for interspecific abundance-occupancy
relationships) or as habitats become fragmented.
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