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Abstract. Predators and prey interact at small spatial scales, but during their lifetime dis-
perse at much larger spatial scales. Trophic metacommunity theory proposes that dispersal is
a critical process that determines food web structure at small and large scales. The application
of metacommunity theory to empirical systems remains elusive because key parameters such
as dispersal and interaction strengths have been very difficult to quantify. Here we develop a
novel approach that combines population genomics with mesocosm experiments to parame-
terize a metacommunity model. Using genotyping-by-sequencing, we characterized the disper-
sal kernels of a predator–prey pair living in a phytotelm metacommunity. We found that the
prey dispersed up to 25 km while the predator dispersed only 350 m. We then quantified a
functional response for these species using feeding trials. Even without invoking differences in
the abiotic niche, our empirically parameterized simulation model produced patterns of popu-
lation survival and occupancy that were consistent with past observations on the natural sys-
tem. Importantly we found that these patterns were more likely to be found with simulations
based on our observed values than in other regions of potential parameter space. This sug-
gests that the observed dispersal kernels contribute to the dynamics of these species in the
metacommunity.

Key words: dispersal kernel; dispersal rate; genomics; multispecies coalescent; predator–prey dynamics;
spatial use properties; trophic metacommunity ecology.

INTRODUCTION

Food webs are inherently spatial, and species within a
food web often live in different parts of a landscape. The
movement of organisms via dispersal is critical to deter-
mining food web structure from small to large scales
(Amarasekare 2008). A trophic metacommunity, then, is
a set of connected food webs that inhabit patches linked
by dispersal (Leibold et al. 2004). Trophic metacommu-
nity theory has provided valuable insight into the stabil-
ity and persistence of food webs (Holt and Hoopes
2005). The main barrier of applying trophic metacom-
munity theory to the field has been the inability to mea-
sure the key parameter of these models —in particular
the dispersal-rate parameters. Population-level genomics
tools allow us to make inferences about population pro-
cesses that affect survival of metacommunities. Emerg-
ing genomic technologies and novel statistical
approaches allow us to estimate these dispersal parame-
ters. Here, we leveraged emerging population genomic
methods to overcome this barrier. We combine this with
mesocosm experiments to parameterize the species

interactions between a predator and its prey. Our empiri-
cally parameterized simulation model then allows us to
make predictions about the metacommunity dynamics
we expect to find in this system.
Dispersal between patches has been shown to promote

stability and persistence of food webs. Trophic metacom-
munity theory has shown that dispersal can enable the
persistence of otherwise unstable predator–prey dynam-
ics in a landscape. Specifically, the movement of individ-
uals can create negative density dependence that
stabilizes multispecies communities, allowing recovery
when populations reach low abundances (Holt 1984,
1985, Huxel and McCann 1998, Briggs and Hoopes
2004). Trophic metacommunity theory has also allowed
us to understand the emergence of complexity and
higher trophic levels in food webs at a regional scale
through the aggregation of simple food webs at a local
scale (Pillai et al. 2011). However, until recently, most
metacommunity models have relied on the assumption
that all species within a food web disperse equally. In
natural communities, this assumption is unlikely to be
met (Guzman et al. 2019). When species at different
trophic levels differ in dispersal, classic patterns in meta-
community ecology, such as the humped relationship
between diversity and dispersal rate, may be altered
(Haegeman and Loreau 2014). More broadly, differences
in dispersal ability —and the directionality of the
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difference—between any two interacting species are
expected to have diverging consequences on metacom-
munity dynamics (Guzman et al. 2019). For example,
food chains that have nonhierarchical dispersal (higher
trophic levels disperse less than lower trophic levels) are
more stable than food chains that have hierarchical dis-
persal (higher trophic levels disperse more than lower
trophic levels; Pedersen et al. 2016).
Although both theoretical and empirical research on

metacommunity ecology has pushed the field in remark-
able directions, research that integrates both approaches
has lagged behind (Leibold and Chase 2017). Specifi-
cally, the parameters used in metacommunity models are
rarely quantified empirically. Therefore ecologists have
not leveraged these models to make predictions about
the dynamics of any specific empirical system. The
majority of empirical metacommunity studies have
instead compared patterns observed in real communities
with potential patterns originating from metacommunity
models. For example, variation partitioning analysis
(Logue et al. 2011) estimates the amount of community
variation explained by environmental or spatial compo-
nents, and then these estimates are interpreted as signa-
tures of a particular metacommunity dynamic (Cottenie
2005). This approach has been extended to study differ-
ences in “metacommunity dynamics” between generalist
and specialist species (Pandit et al. 2009), species of dif-
ferent body sizes and dispersal modes (Bie et al. 2012),
and even among different taxonomic groups along an
isolation gradient (Driscoll and Lindenmayer 2009). In
parallel, other empirical studies have also considered the
effects of dispersal mode (Jones et al. 2015) or con-
straints of spatial drivers (Grainger et al. 2017) on meta-
community distribution and diversity, yet these studies
were not designed to estimate the parameters that are
used in metacommunity theory (e.g., dispersal rates).
Studies that compare observed and predicted patterns,
without parameterizing models, may fall into the trap of
assuming that a particular process underlies the pattern
when in fact the pattern could be generated in multiple
ways (Gilbert and Bennett 2010). The main reasons we
find this mismatch between theoretical and empirical
trophic metacommunities is (1) the lack of clear and con-
cise predictions of trophic metacommunity theory (Guz-
man et al. 2019), and (2) the challenge of quantifying
dispersal kernels—especially as we expect each species to
have a unique dispersal kernel (Borthagaray et al. 2015).
Given the difficulties of studying metacommunity

ecology to date, we propose an approach that combines
field estimation of dispersal rates using population geno-
mics, laboratory estimation of interaction strengths
using a functional response, and a theoretical model that
explores how these empirical parameters affect local and
regional population survival. We illustrate this approach
using a case study of a predator and prey pair in
bromeliads, a model system for metacommunity
research (Srivastava et al. 2004). For a key predator–
prey pair in this system, we estimated (1) the dispersal

rate and kernel and (2) the feeding rate of the predator
on the prey. To estimate the dispersal kernel, we sampled
individuals from multiple populations at different spatial
distances and then used population genetics to estimate
dispersal between these populations. Specifically, we
used a genotyping-by-sequencing (GBS) approach
(Elshire et al. 2011) that uses individual genotypes to
estimate rates of dispersal between populations (Wilson
and Rannala 2003). This approach does not rely on any
previous knowledge of a species genome (for example, to
develop primers), and does not require a reference gen-
ome. Instead, GBS uses restriction enzymes to digest the
genome at multiple sites and PCR to introduce adapters
used for Illumina sequencing. The result is short
sequences that can be aligned to identify individual
genotypes. Once the genotypes have been identified,
Bayesian analysis can extract information about recent
dispersal from disequilibrium at individual genotypes of
migrants.
Using these estimates of dispersal, we asked: (1)

whether the predator and the prey were limited by the
same geographical barriers at large spatial scales, (2)
whether the dispersal rate and kernel were the same for
the predator and the prey, and (3) whether the observed
dispersal kernels of the predator and prey, when com-
bined with consumption rates in a simple metacommu-
nity model, predicted greater population survival or
occupancy of either the predator or the prey.

METHODS

Study system

Tank bromeliads accumulate water and detritus inside
their leaf axils, providing habitat for communities of
aquatic macroinvertebrates (Kitching 2000). Inside each
bromeliad, these aquatic macroinvertebrates interact to
form a food web comprised of detritivores, filter feeders,
intermediate predators, and top predators. These com-
munities have been identified as useful study systems for
metacommunity ecology (Srivastava et al. 2004). Each
bromeliad is perceived as a patch of habitat, and overall
bromeliads form a naturally patchy landscape for the
food webs of macroinvertebrates. Previous studies on
bromeliad metacommunities have shown that 10 isolated
bromeliads are insufficient habitat to sustain the meta-
community through time (LeCraw et al. 2014), suggest-
ing that the actual size of the metacommunity must be
much larger. However, prior to our study, nothing was
known about the spatial extent of the metacommunity.

Field sampling

The study area was located in the sand dunes of
coastal Brazil (Fig. 1), in the states of Rio de Janeiro
and S~ao Paulo. We sampled 10 sites, 7 of which were
within the Jurubatiba National Park in Rio de Janeiro
state, Brazil. The other three sites were located in the

Article e03182; page 2 LAURAMELISSAGUZMANAND DIANE S. SRIVASTAVA Ecology, Vol. xx, No. xx



sand dunes of Arraial do Cabo (Rio de Janeiro), Marica
(Rio de Janeiro), and Ilha Bela (S~ao Paulo). Our sites
were selected so that the distance between adjacent sites
increased logarithmically (Fig. 1). Sampling was done
between February and May of 2015. In each of our sites,
we collected 10–30 individual larvae of two species in
order to have enough replication of genetic variation
within each site and make meaningful comparisons
between sites: the top predator Leptagrion andromache
(Zygoptera: Odonata) and one of its prey Trentepohlia
sp. (Tipulidae: Diptera). For each species, we sequenced
95 individuals. Because we could not extract enough
DNA for GBS in some individuals, the number of indi-
viduals we sequenced per site varied from 5 to 23 indi-
viduals per site. The number exact of individuals per site
can be found in Appendix S2: Table S1.

DNA extractions

We extracted DNA from the odonate predator larvae
using Qiagen DNA blood and tissue kit (Qiagen, Inc.,
Valencia, California, USA) and concentrated the DNA
using Agencourt AMPure XP beads. We extracted the
tipulid prey larvae using a Qiagen DNA blood and tis-
sue kit and the OmniPrepTM kit from G-Biosciences (St.
Louis, Missouri, USA) for the smaller individuals (mod-
ified protocols are in Appendix S1).

Genotyping-by-sequencing

Extracted DNA of the odonate predator was sent to
the Cornell Institute for Genomic Diversity (Ithaca,
New York, USA), and extracted DNA of the tipulid
prey was sent to University of Wisconsin–Madison
Biotechnology Centre, because the Cornell Institute for
Genomic Diversity lost its patent in the course of our

study. In both cases, the extracted DNA was processed
with GBS (Elshire et al. 2011) with minimal modifica-
tion; in short, 150 ng of DNA was digested using PstI
(CTGCAG, New England Biolabs, Ipswich, Mas-
sachusetts, USA) after which barcoded adapters amen-
able to Illumina sequencing were added by ligation with
T4 ligase (New England Biolabs). A total of 96 adapter-
ligated samples were pooled and amplified to provide
library quantities amenable for sequencing, and adapter
dimers were removed by SPRI bead purification. Quality
and quantity of the finished libraries were assessed using
the Agilent Bioanalyzer High Sensitivity Chip (Agilent
Technologies, Inc., Santa Clara, California, USA) and
Qubit� dsDNA HS Assay Kit (Life Technologies,
Grand Island, New York, USA), respectively. Libraries
were standardized to 2 nM. Sequencing was performed
using single-read, 100–base-pair (bp) sequencing and
HiSeq SBS Kit v4 (Illumina, San Diego, California,
USA) on a HiSeq2500 sequencer. Images were analyzed
using the standard Illumina Pipeline, version 1.8.2. The
complete set of 96 barcode adapters used for multiplex
sequencing are provided for each species in
Appendix S1: Table S2 and S3.
For the tipulid, we obtained a total of 203 million 100-

bp reads. For the odonate, we obtained a total of 166
million 92-bp reads. The mean quality score per
sequence was over 35. The preparation of the data for
submission was done using the TagDigger software
(Clark and Sacks 2016). All data are available in the
NCBI Sequence Read Archive (SRA) under accessions
PRJNA600227 (Tipulid) and PRJNA600248 (Odonate).

SNP calling

Because neither of our species has a reference genome,
raw sequences were converted into individual genotypes

FIG. 1. Sites were sampled such that sites were increasingly further apart. Sites 1–4 were within 1 km, and Sites 1–10 were
430 km apart.
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using a UNEAK pipeline (Lu et al. 2013). The UNEAK
pipeline clusters identical reads into tags. All unique tags
are merged and their counts stored. Then pairwise align-
ments of tags are performed and tags with 1-bp mis-
match are considered candidate single nucleotide
polymorphisms (SNPs). Of those candidate SNPs, only
reciprocal tags, which involve only two tags with 1-bp
mismatch, are more likely to be true SNPs than those
that belong to complicated networks of tags. Rare tags
are considered to be sequencing errors, so tags that have
relative counts of less than 0.03 are removed. After iden-
tifying the SNPs, counts of each tag (or allele) are output
for each locus and each individual. Within the pipeline,
we excluded tags that were present less than 15 times,
and set the minimum minor allele frequency to 5% and
the minimum proportion of individuals covered by at
least one tag to 10% (Lu et al. 2013, Michalski et al.
2017, Stansell et al. 2018).
After the UNEAK pipeline output the SNPs for each

individual, we filtered the SNPs so that the maximum
number of times a tag was present was 2,000, heterozy-
gosity at each locus was less than 0.5, and loci had at
most 40% missing data. For this filtering, we used the
Tassel 5.0 software (Bradbury et al. 2007). The resulting
data consisted of 4,161 SNPs for the odonate predator
and 1,675 SNPs for the tipulid prey.

Historical ancestry

We estimated the genetic distance between each individ-
ual using the one-identity-by-state metric (1-IBS), which
is the probability that alleles drawn at random from two
individuals at the same locus are the same (Bradbury
et al. 2007). After finding that some individuals were very
similar and other individuals were very dissimilar
(Appendix S2: Fig. S1), we ran an admixture analysis to
identify major groups of individuals (Alexander et al.
2009). We ran the admixture analysis five times with a dif-
ferent random seed and performed a cross-validation pro-
cedure to find the best number of clusters (from 1 to 5).
We chose the number of clusters that had the lowest
cross-validation value, yielding two clusters for both the
odonate predator and the tipulid prey. We separated the
individuals for each of these clusters and then reran the
admixture analysis for each cluster for both species.

Recent dispersal

To estimate recent rates of dispersal (within the last
few generations) we used the software Bayesass (Wilson
and Rannala 2003). Bayesass is a Bayesian method that
uses individual genotypes to estimate rates of recent dis-
persal using transient disequilibrium observed in indi-
viduals that migrated. For example, if an individual is a
nonmigrant, then their genotype will resemble more the
genotypes of the “target” population. On the other hand,
if an individual is a first-generation migrant, then their
genotype will resemble more the “source” population.

Finally, an individual who is a second-generation
migrant will have their genotype resembling both the
source and target population. This method estimates the
ancestry (population) of each individual, the generation
at which the migrants arrived to the target population,
and the migration rate between populations using the
genotypes of all individuals in all populations. This
method does not assume that genotypes are at Hardy-
Weinberg equilibrium. We ran Bayesass for 107 itera-
tions, discarding the first 106 iterations as burn-in, and
sampled every 1,000 iterations. We adjusted the mixing
parameters for the migration rates to 0.3, allele frequen-
cies to 0.6, and inbreeding coefficients to 0.1 for the odo-
nate and 0.2 for the tipulid such that the acceptance rate
of these parameters was within the recommended range
by the software. We repeated this process four times for
each species, assessed the convergence of the Markov
chain Monte Carlo (MCMC), and pooled the outcomes
of the four chains.

Dispersal kernel

We inferred a dispersal kernel for both the odonate
predator and the tipulid prey by regressing the estimated
dispersal rates between each population (from Bayesass)
with the distance between each population. We filtered
the distance to only include Sites 1–7, because only two
individuals from Site 8 were present in the major clade
of the odonate and the tipulid. We compared the fit of
three models: (1) a generalized linear model with a
Gamma family and a log link, (2) an exponential decay
function, and (3) a modified exponential decay function
in the context of a hurdle function, which allowed for a
probability, D0, that an individual would stay in the
same site, coupled with an exponential distribution
among those individuals that leave a site. This hurdle
model then treats the distance between patches as a con-
tinuous function of their physical distance k, but treated
sites within a patch as spatially identical (k = 0):

D kð Þ ¼ ifk ¼ 0 : D0

ifk[ 0 : b 1�D0ð Þe�bk

�
: (1)

Feeding trials

We fit a Type II functional response (Eq. 2) to a con-
sumption experiment of the odonate predator with the
tipulid prey. This experiment was previously reported
(Guzman and Srivastava 2019) and the data are publicly
available (Guzman and Srivastava 2018). We fit a Type
II functional response because the parameters that
determined a Type III functional response were not sig-
nificantly different from zero.

Ne ¼ aN
1þ ahN

: (2)

Ne is the number of prey consumed, N is the starting
prey density, a is the attack rate of the predator, and h is
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the handling time of the predator, that is, the time taken
to search and consume the prey (Real 1977).

Trophic metacommunity model

Using the dispersal and consumption parameters,
we built a simple metacommunity model, based on a
Ricker model (Ricker 1954), with a type II functional
response. This model was spatially explicit and popu-
lated a landscape of 25 patches arranged in a 5 9 5
grid, which is linked by the edges to eliminate edge
effects (Appendix S2: Fig. S5; Travis 2003). The abun-
dance of the prey N at time t + 1 in patch j was
given by

Ntþ1;j ¼ DN0Nt;je
r

1�Nt;j
K

� �
� aPt;j

1þahNt;j þ
X
i 6¼j

DN xð ÞNt;i (3)

where Nt,j is the abundance of the prey at time t in patch
j, r is the intrinsic growth rate of the prey, K is the carry-
ing capacity of the prey, a is the attack rate of the preda-
tor, and h is the handling time of the predator. DN(x) is
the dispersal rate of the prey as a function of the dis-
tance x between the patches j and i, and Nt,i is the abun-
dance of the prey at time t in patch i. DN0 is the
proportion of individuals of the prey that remain in
patch j. The abundance of the predator at time t + 1 in
patch j was given by

Ptþ1;j ¼ DP0Pt;je
rp

1�Pt;j
Kp

� �
þ BaNt;j

1þahNt;j þ
X
i 6¼j

DP xð ÞPt;i; (4)

where Pt,j is the abundance of the predator at time t in
patch j. We included a growth term rP and carrying
capacity term KP that allow the predator to survive
without the tipulid prey. We included these terms
because in our system, the predator often consumes
other types of prey that we did not include in this
model. Although this allows for the possibility of an
asymmetry in occupancy —where the predator can sur-
vive without the prey and the prey can survive without
the predator— it does not determine which dispersal
strategy results in differences in occupancy. The caloric
value of a captured prey individual is signified by B.
DP(x) is the dispersal rate of the predator as a function
of the distance x between the patches j and i. Pt,i is the
abundance of the prey at time t in patch i. DP0 is the
proportion of individuals of the predator that remain in
patch j. DP(x) and DN(x) followed a hurdle function
based on Eq. 1, as this function was found to be the best
fit to the empirical data of odonate and tipulid disper-
sal. Here we simply recast the empirical hurdle model
based on k, the actual kilometers between sites, with a
hurdle model based on x, the distance in units between
patches in the theoretical model where the closest
patches are separated by one unit:

D xð Þ ¼ ifx ¼ 0 : D0

ifx[ 0 : D1e�bx

�
: (5)

DN(x) and DN0 are parameterized based on the tipulid’s
dispersal kernel; DP(x) and DP0 are parameterized based
on the odonate’s dispersal kernel. Because the odonate
has a generation time of about 9 months, the tipulid lar-
vae has a generation time of about 2 months, and the
dispersal rates were estimated per generation, we divided
the dispersal rate by the generation time to obtain a dis-
persal rate per day. The attack rate and the handling
time were parameterized based on the consumption data
(Table 1). We set a minimum viable population thresh-
old for both the predator and prey, such that, if the
abundance was below 0.001, we set it to 0.
We ran the simulation model over all the combination

of parameters of B, r, K, rP, and KP and found combina-
tions of parameters that yielded population survival (de-
fined as nonzero abundance after equilibrium, which
occurred before 2,000 time steps) for both the predator
and the prey (Appendix S2: Fig. S6 shows examples of
metacommunity dynamics; Appendix S2: Fig. S7 shows
the areas in parameter space where stable dynamics
become oscillatory). We evaluated the difference in occu-
pancy between the predator and the prey. We defined a
difference in occupancy when the predator and the prey
populations both survived in at least one patch, and the
prey was present in at least one patch without the preda-
tor. We also repeated the simulation (across the same
combination of parameter space) but with the dispersal
parameters of the predator and the prey interchanged.
Finally, we conducted a sensitivity analysis, examining
the effect of changing each parameter sequentially
within the bounds of its estimated standard error
(Appendix S2: Fig. S8). Specifically, for each of the
parameters that were estimated with data, we randomly
generated values within one standard deviation of the
estimated value. For the parameters that we did not gen-
erate from data, we used all the combinations of a subset
of the parameters (243 combinations, Appendix S2:
Table S2). For the randomly drawn parameters we gener-
ated 50 values and we ran each of the 50 values with the
243 combinations of the other parameters (12,150 com-
binations).

Empirical occupancy data

We examined the observed patterns of occupancy and
asymmetry in occupancy for the Odonate and the Tip-
ulid using publicly available data (Guzman et al. 2018).
In these data, we sampled one metacommunity with 10
sites; these sites are the same sites as those used to obtain
individuals for sequencing in the current study.
The dispersal kernel was fitted using the package

nlsTools (Baty et al. 2015) and all the simulations were
run with the programming language R (R Development
Core Team 2018).
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RESULTS

Historical ancestry

Each species was clearly split into two distinct clusters
(Appendix S2: Fig. S1) both in the identity-by-state dis-
tance and in an admixture analysis. The admixture anal-
ysis showed that the cross-validation error was
minimized between two and five clusters, depending on
the run. However, the log likelihoods of these cases dif-
fered by less than four. Therefore, we chose the simplest
model for both species (Appendix S2: Figs. S2, S3): two
clusters for the odonate predator and two clusters for
the tipulid prey. For the odonate predator, we found that
two individuals from Site 8 are very similar to Sites 1–4,
and we found two individuals from Site 4 that are very
similar to Site 8. This result may be due to swapped
labels. Because we used the entire individual for this
analysis, we cannot confirm the provenance of these
individuals, and we will assume from now on that they
were indeed errors. We therefore ran the analysis with
the original labels but did not interpret dispersal from
these individuals.
After separating the individuals of each species into

the two separate clusters, we reran the admixture analy-
sis separately for each cluster for each species
(Appendix S2: Fig. S4). Hereafter, we refer to the major
clade as the cluster that had the majority of the individu-
als (odonate had 67 and the tipulid 64 individuals). For
the odonate, we found that the major clade (Fig. 2a)
included individuals from Sites 1–7 and two individuals

from Site 8. The individuals from the major clade form
two subclusters, where some individuals draw some
admixture. The odonate’s minor clade (Fig. 2c),
included two individuals from Site 4, and all other indi-
viduals from Sites 8–10. The individuals of the minor
clade form three subclusters that mirror major geo-
graphical barriers, as Site 10 is in a small island and the
city of Rio de Janeiro separates Sites 9 and 10. These are
also the two sites that are furthest apart.
For the tipulid, we found that the major clade

(Fig. 2b) has no subclusters, and therefore all individu-
als at this scale are interbreeding. The major clade
includes individuals from Sites 1–8. The minor clade
(Fig. 2d) includes three subclusters, two of which mirror
the same geographical barriers as the odonate (from
Sites 9 and 10). The third subcluster includes individuals
from Sites 4–6 and Site 8. This subcluster co-occurs in
the same sites as the major cluster, yet they do not inter-
breed. Because of the prevalence of cryptic species in
insects (Bickford et al. 2007) and this evidence of repro-
ductive isolation, we decided to treat these major and
minor clusters as separate taxa for both the odonate and
the tipulid and ran subsequent analysis only on the taxa
with most individuals.

Recent dispersal

We successfully identified the source population and
timing of migration for every damselfly individual and
almost all tipulid individuals. Three tipulid individuals
had uncertainty in their source population. We chose the

TABLE 1. The parameter values used for the simulations of the metacommunity model.

Parameter Description
Empirical estimates

(SE) Theoretical values

a Attack efficiency of the predator 0.170 (0.081)
h Handling time of the predator 1.170 (0.604)
DP0 Proportion of the predator population staying

in patch j
0.850 (0.005)

DP1 Initial dispersal rate of the predator 0.020 (0.003)
bP Predator’s exponential decay constant 0.003 (0.013)
DN0 Proportion of the prey population staying in

patch j
0.807 (0.010)

DN1 Initial dispersal rate of the prey 0.035 (0.007)
bN Prey’s exponential decay constant 0.030 (0.022)
B Caloric value of a capture individual 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1
r Growth rate of the prey 0.01, 0.41, 0.81, 1.21, 1.61, 2.01, 2.41, 2.81
K Carrying capacity of the prey 2, 7, 12, 17, 22, 27, 32, 37
rP Growth rate of the predator 0.001, 0.011, 0.021, 0.031, 0.041, 0.051,

0.061, 0.071, 0.081, 0.091, 0.101, 0.111,
0.121, 0.131, 0.141, 0.151, 0.161, 0.171,
0.181, 0.191, 0.201, 0.211, 0.221, 0.231,
0.241, 0.251, 0.261, 0.271, 0.281, 0.291,
0.301, 0.311, 0.321, 0.331, 0.341, 0.351,
0.361, 0.371, 0.381, 0.391, 0.401, 0.411,
0.421, 0.431, 0.441, 0.451, 0.461, 0.471,
0.481, 0.491

KP Carrying capacity of the predator 1, 3, 5, 7, 9, 11
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source population and timing of the migration with
highest probability across all MCMC chains. We also
estimated the dispersal rate between each pair of popula-
tions through the program Bayesass. This information
allowed us to plot the source and sampling site for each
individual tipulid and odonate (Fig. 3); here our analysis
is restricted to the major clade (i.e., the taxa with most
individuals) to ensure cryptic species do not affect our
analysis. We found that the majority of odonate individ-
uals were assigned to the source site from which they
were sampled (Fig. 3a). We interpret this result as indi-
cating that individuals move little between one genera-
tion and the next. The only individual that was assigned
a different source site had dispersed two generations ago
(Fig. 3a) from Site 3 to 2, moving approximately 350 m.
On the other hand, many tipulid individuals moved from
their assigned source site to the site where they were
sampled (Fig. 3b). Some of these individuals moved
within one generation or two generations ago. The

longest distance that a tipulid individual moved was
from Site 4 to Site 7, approximately 23 km.
We next considered how the dispersal rate between

each pair of sites related to the geographic distance
between each pair of sites (Fig. 4). We only built the dis-
persal kernels up to 25 km, because we found that the
longest any individual moved was 23 km and we were
confident that the individuals at this scale belonged to
the same taxa. We used Akaike’s information criteria
(AIC) to distinguish between three different functions
for this relationship. For the odonate predator (Fig. 4a),
the hurdle function that included the exponential decay
(AIC = �283.235, df = 4) was a better function than the
exponential decay alone (AIC = �234.655, df = 3) and
the generalized linear model with gamma distribution
(AIC = �203.989, df = 3). Similarly, for the tipulid prey
(Fig. 4b) the hurdle function that included the exponen-
tial decay (AIC = �213.281, df = 4) was better than the
exponential decay alone (AIC = �187.039, df = 3) and

FIG. 2. The major clade of the odonate (a) has two subclusters, whereas that of the tipulid (b) does not. The minor clades of both
the odonate (c) and the tipulid (d) have three subclusters. Every vertical bar represents an individual, and the colors represent the ances-
tral population. Individuals who have multiple colors are said to be drawing “admixture,” that is, individuals who likely resulted from
the interbreeding of multiple populations. The different colors delineate the ancestral populations for those individuals.

Xxxxx 0000 GENOMIC VARIATION INMETACOMMUNITIES Article e03182; page 7



the generalized linear model with gamma distribution
(AIC = �179.799, df = 3). Overall, we found that the
tipulid’s dispersal rate is higher than the odonate’s dis-
persal rate at all distances. The proposed dispersal kernel
was a hurdle function that contains the dispersal rate
when x = 0 (effectively the probability of staying) and
then a dispersal rate when x > 0 using an exponential
function. This separation with the hurdle function
allows for a high probability of remaining in the popula-
tions. Site philopatry is known for many species of dam-
selflies. Particularly, males tend to spend more time than
females at the ponds, streams, or bromeliads during their
reproductive period (Beirinckx et al. 2006). Unfortu-
nately, these types of data are less available for tipulids.

Trophic metacommunity model and comparison with data

We used the best-fit models for the dispersal kernels of
odonates and tipulids to parameterize a simple trophic
metacommunity model. We tested which occupancy pat-
terns we would obtain with the observed differences
between predator and prey in dispersal rate or the
reverse pattern (i.e., the predator having a higher disper-
sal rate than the prey). The potential patterns of occu-
pancy that we could obtain were (1) no population
survival of either predator or prey, (2) regional popula-
tion survival of the predator only, (3) regional popula-
tion survival of the prey only, (4) the population survival
of the predator and prey, where both occupy the same
patches, and, finally, (5) population survival of the
predator and prey, where both occupy different patches.
We treated stable and oscillatory dynamics equally as
long as both the predator and prey populations survived
over the 2,000 time steps (Appendix S2: Fig. S6). Pat-
terns 1 and 2 did not differ between scenarios tested

(Fig. 5a). However, the reserve scenario resulted in more
parameter combinations where both the predator and
the prey population survived in the same patches (4) and
where the prey population alone survived (3). The
observed dispersal rates resulted in more parameter
combinations where both predator and prey populations
survived but differed in occupancy (5–Fig. 5a). Our sen-
sitivity analysis, in which we varied the estimated param-
eters within one standard error, gave consistent results
(Appendix S2: Fig. S8).
The model results can be compared to the empirical

pattern in occupancy. Out of the 10 sites sampled, we
never found in the predator present, but the prey absent
at the site level, even though alternate prey would have
been available for the odonate to consume. Two sites
contained the prey in the absence of the predator. The
remaining eight sites contained both the predator and
prey. Therefore, at the metacommunity scale (i.e., inte-
grating over the 10 sites), we found that the predator
and prey are both able to survive, but they differed in
occupancy (Fig. 5b). This scenario is the same as that
predicted under most parameter combinations in the
model.

DISCUSSION

We first found that at large spatial scales (100, 160,
and 430 km), both the odonate predator and the tipulid
prey are similarly structured —in each taxa, individuals
from Sites 8, 9, and 10 separated into different clusters.
However, at intermediate spatial scales (0–23 km for the
odonate and 0–100 km for the tipulid) the odonate
predator and the tipulid prey had a different structure—
the tipulid consists of one interbreeding population,
whereas the odonate consists of two spatially structured

FIG. 3. Empirical reconstruction of individual ancestry of individual odonates (a) and tipulids (b) from their genetic composi-
tion. Dispersal events from one site to the next are represented by arrows, each circle represents a site. Loops represent individuals
whose source site was the same as their collection site. The ancestry of the odonate individuals was commonly assigned to the site
where they were collected (loops in a) and only one odonate individual was assigned as dispersing within two generations. On the
other hand, the ancestry of tipulid individuals was commonly assigned to other sources site (b), including dispersal event within one
generation and two generations.
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clusters. Second, we found parallel prey species or sub-
species that were not interbreeding while occupying the
same sites. Third, we estimated higher dispersal rates for
the tipulid prey than the odonate predators. This result
is consistent with the previous finding at the same inter-
mediate spatial scale: the tipulid prey had one inter-
breeding cluster, and the odonate predator had two
clusters, with some individuals drawing admixture. In

terms of the dispersal kernel, we found that the rate of
dispersal of the tipulid prey was higher at longer dis-
tances. Overall we found that although the odonate
predator barely dispersed within a generation, the tipulid
prey was able to disperse up to 25 km. Finally, when we
parameterized the simple metacommunity model with
the estimated dispersal kernels, we found that the preda-
tor and the prey were likely to differ in their use of space.

FIG. 4. Estimated dispersal rate between sites at different distances for (a) the odonate predator and (b) the tipulid prey. Insets
highlight the dispersal rate when the distance between sites is greater than zero.

FIG. 5. (a) The direction of the dispersal differences between predator and prey taxa affected metacommunity dynamics. When the
prey disperse further than the predator, as observed, (“observed”) rather than the reverse (“reverse”), a greater proportion of parameter
combinations result in both predator and prey differing in their occupancy of at least one patch (predator and prey survive—different
occupancy). On the other hand, in the reverse scenario, a greater proportion of parameter combinations results in the predator and prey
populations surviving with the same occupancy (predator and prey survive—same occupancy). (b) Occupancy pattern of one empirical
metacommunity with 10 sites. None of the sites showed the population survival of the predator alone. Only two sites had the prey alone.
The remaining eight sites had the population survival of both the predator and prey at different abundances. Regionally the predator
and prey survived and they differed in occupancy.
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This was less frequently the case when we swapped the
dispersal kernels between the predator and the prey.
Dispersal variation within a metacommunity, while

often deemed necessary for trophic metacommunity the-
ory, has proven hard to quantify (Borthagaray et al.
2015). For some systems, like streams, dispersal of multi-
ple species has been easier to measure, because of the
constrained nature of the system, which allows individu-
als to be physically trapped by mesh (Elliott 2003). Simi-
larly, dispersal of wind-dispersed organisms from
temporary rock pools have also been readily measured
by physically trapping these organisms using sticky sur-
faces (Vanschoenwinkel et al. 2008). Yet for many other
systems, similar direct measures of dispersal are not
easily obtained, especially at a community level. In such
systems, population genetics has been identified as use-
ful tool for estimating dispersal (Ouborg et al. 1999,
Robledo-Arnuncio and Garc�ıa 2007, Broquet and Petit
2009). Many studies have used different estimates of
population differentiation to quantify dispersal for sin-
gle species. In a community context, measures of popula-
tion differentiation have most commonly been used in
marine systems (Kinlan and Gaines 2003, Weersing and
Toonen 2009). However, these studies often ignore how
dispersal combines with species interactions to affect
metacommunity dynamics. Here we not only show the
dispersal estimate of two interacting species using popu-
lation genetics, but we also show the consequences of
the observed pattern of differential dispersal for meta-
community dynamics using simulations.
Both the odonate predator and the tipulid prey

seemed to be comprised of two separate taxa. The iden-
tity-by-state results showed a bimodal distribution of
distances between individuals, meaning that some indi-
viduals seem to be closely related, and others are not.
Similarly, the admixture analysis initially separated all
individuals into two separate clusters, and by rerunning
the analysis on each cluster separately we were able to
find population structures within each cluster. The
strongest evidence that supports the existence of two
separate taxa, at least for the tipulid prey, is the fact that
individuals from the same sites still segregated into sepa-
rate noninterbreeding clusters. This would be the case of
sympatric cryptic species (Bickford et al. 2007). In the
case of the odonate predator, we do not have sufficient
evidence to differentiate between cryptic species or sim-
ple isolation by distance, because the two separate clades
were allopatric. In our study, we identified the insects at
the larval stage; for Tipulidae this hinders full identifica-
tion of species, which is typically done by rearing the lar-
vae to adults (Gelhaus 2009).
Based on scaling relationships between body mass and

dispersal (Jenkins et al. 2007), we expected that the odo-
nate predator, being larger, would disperse further than
the tipulid larvae. However, we found the opposite
result. One possibility is that, even though odonates have
the capacity to fly further, some species are philopatric
and therefore might oviposit in the same area where they

emerged as adults (Conrad et al. 1999, McCauley 2007).
Although we do not have evidence of whether the odonate
predator used in this system is philopatric, our population
structure analyses are consistent with this hypothesis.
Another possibility is that the tipulid is not just an active
disperser, but it may have a mixed strategy that is facili-
tated by wind or birds. For example, tipulid larvae have
been found to be viable after being ingested by birds
(Frisch et al. 2007) which may help explain the inferred
dispersal over 20 km. Overall, we find that common scal-
ing relationships —such as that between dispersal distance
and body mass (Jenkins et al. 2007)—may apply generally
to fauna, but not necessarily to any particular species pair.
However, our results only encompass two interacting spe-
cies in a food web. The question of whether species within
a foodweb follow the same scaling relationships for disper-
sal as entire taxonomic groups remains an understudied
question in ecology (Guzman et al. 2019).
The question of whether predators or prey disperse

more or less than one another is most important when
we are interested in the dynamic consequences of disper-
sal in a metacommunity. Trophic metacommunity mod-
els have found that differential dispersal may stabilize
predator–prey dynamics, particularly when patches have
fixed differences. These differences cause the dynamics
of the patches to be asynchronous and therefore more
stable (Briggs and Hoopes 2004). For example, models
of source–sink dynamics assume patches differ in quality
(Holt 1984). However, many of these models incorporate
the differences in dispersal as extreme asymmetries (Holt
1984) or by incorporating differences in the dispersal
rate and not the dispersal kernel (Rohani et al. 1996).
We expect that if species have differences in dispersal
parameters, we would observe differences in the way
they use space. Indeed, we found that the observed dif-
ferences in the dispersal rate and kernel, in combination
with the way these two species interact, were sufficient to
generate differences in space use between the predator
and the prey without invoking any differences in the abi-
otic niche. Surprisingly, we found in our model that the
observed directionality in dispersal asymmetry, with the
prey having a higher dispersal rate than the predator,
was more likely to generate differences in space use than
the reverse. We urge ecologists to use population genetic
methods to parameterize dispersal kernels of interacting
species explicitly, and combine these with studies of
interaction strengths between species. Only with empiri-
cal estimates of the relevant parameters can we hope to
apply metacommunity models to understanding commu-
nity dynamics over space.
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