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Abstract

Patterns of population connectivity shape ecological and evolutionary
phenomena from population persistence to local adaptation and can inform con-
servation strategy. Connectivity patterns emerge from the interaction of individual
behavior with a complex and heterogeneous environment. Despite ample observa-
tion that dispersal patterns vary through time, the extent to which variation in the
physical environment can explain emergent connectivity variation is not clear.
Empirical studies of its contribution promise to illuminate a potential source of
variability that shapes the dynamics of natural populations. We leveraged simulta-
neous direct dispersal observations and oceanographic transport simulations of
the clownfish Amphiprion clarkii in the Camotes Sea, Philippines, to assess the
contribution of oceanographic variability to emergent variation in connectivity.
We found that time-varying oceanographic simulations on both annual and mon-
soonal timescales partly explained the observed dispersal patterns, suggesting that
temporal variation in oceanographic transport shapes connectivity variation on
these timescales. However, interannual variation in observed mean dispersal dis-
tance was nearly 10 times the expected variation from biophysical simulations,
revealing that additional biotic and abiotic factors contribute to interannual con-
nectivity variation. Simulated dispersal kernels also predicted a smaller scale of
dispersal than the observations, supporting the hypothesis that undocumented
abiotic factors and behaviors such as swimming and navigation enhance the prob-
ability of successful dispersal away from, as opposed to retention near, natal sites.
Our findings highlight the potential for coincident observations and biophysical
simulations to test dispersal hypotheses and the influence of temporal variability
on metapopulation persistence, local adaptation, and other population processes.
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INTRODUCTION

Dispersal is a foundational process that affects nearly all
ecological and evolutionary phenomena, including popu-
lation persistence, community composition, and spatial
genetic structure (da Silva Carvalho et al., 2015; Hastings
& Botsford, 2006; Resasco & Fletcher, 2021; Tigano &
Friesen, 2016). Recent empirical work demonstrates that
population connectivity can vary interannually and season-
ally, but a general mechanistic understanding of connectiv-
ity variation and its consequences is lacking (Catalano
et al., 2021; Harrison et al., 2020; Saenz-Agudelo et al.,
2012). Most organisms with environmentally driven dis-
persal (e.g., by wind or water, including many arth-
ropods, plants, and marine species) likely experience
connectivity variation, but it can be difficult to disentan-
gle the relative contributions of the abiotic environment
and demography (such as birth and survival rates) to the
observed variation in dispersal, thus impeding the devel-
opment of model frameworks (Shoemaker et al., 2020;
Sullivan et al., 2021).

For organisms with physically driven dispersal, envi-
ronmental variation affects the fluid circulation that
structures the dispersal pathways for any given individual
(Shoemaker et al., 2020; Watson et al., 2010). However, a
dearth of dispersal observations accompanied by environ-
mental data on corresponding spatial and temporal scales
has hindered understanding the contribution of environ-
mental variation to observed connectivity variation. A
mechanistic understanding of dispersal variation may
help to explain phenomena such as recruitment, commu-
nity turnover, and genetic variation (Bani et al., 2019;
Pringle et al., 2011; Sullivan et al., 2021). Elucidating the
mechanisms of dispersal variation will also enhance pre-
dictive models to guide conservation and management
(Shoemaker et al., 2020).

Empirical work has revealed complex and varied
drivers of dispersal variation (Berumen et al, 2012;
Catalano et al., 2021; Harrison et al., 2020; Hogan et al,,
2012; Pusack et al, 2014; Saenz-Agudelo et al., 2012;
Stillman et al., 2022). Within specific systems like coral reef
clownfishes (genus Amphiprion), connectivity patterns can
be mostly consistent across years in a sheltered bay and dif-
fer substantially across years for a population along an open
coastline (Catalano et al., 2021; Saenz-Agudelo et al., 2012).
While this contrast may be attributable to differing
ocean conditions, connectivity variation in other sys-
tems highlights the role of biological factors. For example,
interannual fluctuations in the biomass of the temperate
kelp Macrocystis pyrifera are driven by strong interannual
variation in kelp fecundity, rather than dispersal variation
(Castorani et al., 2017). As more empirical studies of con-
nectivity variation become available, disentangling the

relative contribution of demographic and environmental
variation to emergent connectivity patterns will be cru-
cial to understanding dynamic population connectivity.

Nearshore marine systems provide a unique opportu-
nity to elucidate the mechanisms of dispersal variation.
Many marine organisms disperse at the start of their lives
as propagules entrained in the water column before set-
tling in the habitat patch where they will spend the rest
of their lives (White et al., 2019). While many propagules
demonstrate remarkable behaviors that can affect their
movement, dispersal takes place in the stochastic oceano-
graphic environment where the interaction of moving
water with the ocean floor and atmosphere creates spatial
heterogeneity and chaotic dynamics at the sub- and
mesoscales relevant to propagule dispersal (Leis et al.,
2011; Mitarai et al., 2008; Siegel et al., 2008). A single dis-
persal event then represents one sample from a probabil-
ity distribution of possible pathways at a given time and
place (Gaines & Bertness, 1992; Mitarai et al., 2008;
Siegel et al., 2008). For example, the oceanographic fea-
tures that cause spatially heterogeneous transport often
strengthen or weaken on a seasonal basis (Paris &
Cowen, 2004; Schunter et al., 2011; White et al., 2010).
Differences in thermohaline structure and convergence
or divergence zones can create fronts that act as a
dynamic boundary for particles on either side. When
active, these fronts can decrease connectivity between
populations that are otherwise a short distance from each
other (Gilg & Hilbish, 2003; Wolanski et al., 1989).
Turbulent mesoscale and submesoscale eddies may trans-
port propagules offshore, while strong alongshore cur-
rents may facilitate dispersal between distant populations
or interact with eddies and facilitate propagule retention
(Mitarai et al., 2008; Paris et al., 2007; Pringle et al.,
2011). Simulations have demonstrated that stochastic
oceanographic transport can, in theory, drive variation in
connectivity on timescales ranging from days to years,
but these expectations need to be validated empirically
(Mitarai et al., 2008; Siegel et al., 2008).

Coupling oceanographic simulations of connectivity
with empirical dispersal observations provides a powerful
hypothesis-testing framework. Studies of marine dispersal
often either simulate dispersal based on oceanographic
circulation models or observe in situ connectivity, with
tagging to determine the origin of sampled individuals
(Cowen & Sponaugle, 2009). Both approaches have limi-
tations. Genetic data can identify net dispersal trajecto-
ries by identifying parent-offspring relationships but are
limited to the time of sampling and can only describe
connectivity for individuals that survive dispersal and
post-recruitment to the point of sampling (Bode et al.,
2018; Burgess et al., 2014). Alternatively, biophysical sim-
ulations can use species-specific trait data to simulate
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connectivity patterns with particles as proxies for dispersing
individuals (Bode et al., 2019). These particle simulations
can be run with fine-resolution oceanographic models
that recreate circulation patterns for the location and
time period of interest, in effect creating a hypothesis for
dispersal (Mitarai et al., 2008; Siegel et al., 2008).
Accurately recreating the mesoscale patterns and larval
dispersal trajectories for a given year is difficult, particu-
larly in data-limited regions of the world, and so average
conditions across multiple years may be a more appropri-
ate representation of dispersal conditions (Riginos &
Liggins, 2013). Recent efforts to statistically integrate
these approaches for the coral reef fish Plectropomus
maculatus have demonstrated that tagging data can be
used to validate biophysical simulations and evaluate
potential biological mechanisms driving observed dis-
persal patterns (Bode et al., 2019; Burgess et al., 2022).
This research has demonstrated that biophysical simula-
tions have the power to simulate observed dispersal events.
An important extension will be to identify whether oceano-
graphic flow contributes to empirical connectivity variation.

To explore the contribution of variable oceanographic
transport to temporal connectivity variation, we lever-
aged three years (2012-2014) of coincident biophysical
simulations and direct observations of Amphiprion clarkii
(yellowtail clownfish) dispersal in the eastern Camotes
Sea along the coast of Leyte, Philippines. We hypothe-
sized that temporal variation in oceanographic flow con-
tributed to annual and seasonal variation in observed
connectivity patterns and assessed dispersal patterns
from simulations using average, annual, and seasonal
oceanographic conditions against observed individual lar-
val dispersal events. We also tested the ability of our
high-resolution biophysical simulations to capture the
observed magnitude and spatial scale of connectivity
variation.

MATERIALS AND METHODS
Study system

The Philippine Archipelago sits in the Coral Triangle, an
equatorial region at the confluence of the Pacific and
Indian Ocean basins. The Philippines has a tropical climate
with seasonal monsoons (Lau & Yang, 1997). The northeast
monsoon (Amihan) occurs during November-May and is
characterized by low rainfall and northeasterly winds.
The southwest monsoon (Habagat) brings heavier rainfall
during June-October, southwesterly winds, and cyclones.

The Camotes Sea is a small sea in the Central Visayas
region within the archipelago and is about 80 km wide
east-west and 90 km north-south (Figure 1). The sea is

sheltered from the major circulation of the North
Equatorial Current by the island of Leyte to the east
and from the South China and Sulu Seas to the west by
the islands of Cebu and Negros (Castruccio
et al., 2013). Cebu Strait to the southwest and the
Canigao Channel to the southeast connect to the Bohol
Sea. The Camotes Sea also connects to the Visayan Sea
to the northwest.

Genetic dispersal observations

The clownfish A. clarkii occupies sea anemones on coral
reefs. The largest two adults in an anemone breed, laying
eggs on benthic substrate nearby (Ochi, 1989). After
about six days of development, eggs hatch into larvae that
disperse with ocean currents for 8-10 days (Holtswarth
et al., 2017). Juveniles that settle back to an anemone
generally remain there for the rest of their lives, making
clownfish ideal for dispersal studies because the distance
between a parent and its offspring indicates an individ-
ual’s net dispersal distance. A. clarkii spawn on a lunar
cycle (full moon) all year long and produce the most
eggs from November to May (Holtswarth et al., 2017).
Generation time is around five years based on growth
and maturity in this species (Dedrick et al., 2021;
Moyer, 1986; Ochi, 1986). Like many other reef fishes,
clownfish larvae have a suite of behaviors to affect
their dispersal. Larval clownfish have strong swimming
abilities upon hatching and can use olfactory, auditory,
and visual cues to orient themselves as they swim in
the ocean currents (Leis et al., 2011; Majoris
et al., 2019).

We used empirical observations of dispersal in
A. clarkii larvae measured with genetic mark-recapture
data in Leyte, Philippines, during 2012-2014. Full
methods are available in Catalano et al. (2021), but we
combined North and South Magbangon into one site
because both were within one grid cell of our oceano-
graphic simulations. We therefore surveyed 18 reef patches
along 30 km of coastline (Figure 1) and took samples of fish
with a fork length greater than or equal to 3.5 cm. We
genotyped 1244 individual fish at 1340 single nucleotide
polymorphisms (SNPs) and used these genotypes to identify
parent-offspring relationships for the 394 recruit-sized
(standard length <6 cm) individuals (Catalano et al., 2021;
Figure 1A).

Biophysical connectivity simulations

We simulated larval dispersal by combining an oceano-
graphic transport model with a dispersal model that
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FIGURE 1 (A)Map of the surveyed region in the Camotes Sea on the coast of Leyte, Philippines, with observed larval dispersal routes

(red for northward, blue for southward, gray for self-recruitment). The 30-km coastline includes 18 habitat patches: Palanas (1), Wangag (2),
Magbangon (3), Cabatoan (4), Caridad Cemetery (5), Caridad Proper (6), Hicgop South (7), Sitio Tugas (8), Elementary School (9), Sitio
Lonas (10), San Agustin (11), Poroc San Flower (12), Poroc Rose (13), Visca (14), Gabas (15), Tomakin Dako (16), Haina (17), and Sitio
Baybayon (18). (B) Camotes-ROMS model domain within the Philippines. The surveyed region of Leyte is bracketed in black. The western
shore of Cebu and Sogod Bay in Leyte were not modeled and are therefore shown as land within the model domain.

accounted for spawning season, pelagic larval duration,
and the spatial distribution of suitable habitat. We used a
three-dimensional numerical model of oceanographic cir-
culation, the Camotes Regional Ocean Modeling System
(Figure 1, Camotes-ROMS). The model represents meso-
scale and submesoscale physical oceanographic dynamics
in response to heat flux, tidal mixing, and wind forcing
with explicit topography (Haidvogel et al., 2008).
Camotes-ROMS has a 500-m horizontal resolution with
50 terrain-following levels and bathymetry interpolated
from SRTM30_PLUS (Becker et al., 2009). Atmospheric
conditions were from NASA’s Modern-Era Retrospective
Analysis (MERRA) (Rienecker et al., 2011) and open
boundary conditions were from the extensively validated
Coral Triangle ROMS simulations (CT-ROMS) (Castruccio
et al., 2013). Tidal flows were imposed as tidal elevation
and barotropic flows from the TPOX 8 Global Tidal
Solutions model (Egbert & Erofeeva, 2002). We ran simu-
lations from 2010 through 2015 with a 3-month spin-up in
2009 and saved output as daily averages. Camotes-ROMS
temperatures compared favorably with ocean tempera-
tures recorded adjacent to Visayas State University, with
R? values >0.76 (Appendix S1: Figure S1).

We calculated the average surface current velocity
and average eddy kinetic energy (EKE) across the annual
and monsoonal time periods to characterize oceano-
graphic flow patterns. We calculated average daily sur-
face current velocity from the daily average zonal
(east-west) component of velocity u and meridional
(north-south) velocity v for each grid cell:

c=VvVu?+12. (1)

We then averaged the daily values for each year and
for each multiannual monsoon season. EKE, or transient
kinetic energy, measures ocean turbulence (including
eddies), which is the dominant process countering transport
by average currents on the timescales important to larval
dispersal (Kang & Curchitser, 2017; Martinez-Moreno
et al., 2019). For example, eddies and turbulence can help
transport larvae against the mean current or retain them
close to home (Byers & Pringle, 2006; Largier, 2003). We
calculated the average EKE per unit mass for each grid cell
using the daily surface current velocity components (u and
v) relative to the mean currents from January 1, 2010, to
December 1, 2015 ( and v):
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We then averaged the daily values of EKE for each
year and the two multiannual monsoons.

We simulated passive (no behavior) larval dispersal
using the offline Lagrangian particle tracking routine,
TRACMASS (Do66s et al., 2013). We released neutrally
buoyant particles from the benthos of the focal patches.
The model had background dissipation from the physics
(107> m®s™! background vertical mixing coefficient for
momentum) but did not have explicit vertical dissipa-
tion for the particles. We also released particles from
unsurveyed shallow (<10 m) reef habitat 10 km north
and south of the surveyed area and all habitable reef
around the three Camotes Islands. The Camotes are
located 35 km offshore of the surveyed area (Figure 1).
We released 1000 particles daily from each grid cell in
the source reef areas from October to May to match
A. clarkii reproduction (Holtswarth et al.,, 2017).
Particles were recruited to the grid cell in which they
were present on Day 8 post-release if that grid cell was
a source patch. Parameters in this model were chosen
based on the natural history of clownfish and were
not tuned or fit to the observed genetic dispersal
observations.

We use the term “recruitment” to describe the dis-
persal and settlement of a larva to suitable habitat in
both the genetic observations and Lagrangian particle
simulations for simplicity. However, these data differ
in important ways. The particle simulations recreate
hypothetical passive, oceanographically driven dis-
persal from the time of hatching to larval settlement at
the end of the larval duration based on the principles
of geophysical fluid dynamics. The field surveys sam-
pled actual individuals that had dispersed, settled,
recruited successfully on an anemone, and survived to
the time of our sampling. Our genetic observations
thus capture not only the environmental conditions
representable in geophysical equations but also the full
abiotic and biotic environmental and demographic
influence of more behaviorally complex larvae and
post-settlement survival, which are not modeled in our
simulations. In other words, our simulations focus only
on those mechanisms of oceanographic transport rep-
resentable in circulation models.

Likelihood-based model comparison

To test the contribution of oceanographic transport to
observed connectivity variation, we compared observed
and simulated connectivity matrices. We did not fit a

statistical model or estimate parameters for this compari-
son, but rather calculated the likelihood of the observa-
tions given the simulations. We grouped data on three
timescales: across all 3 years (2012-2014) to create a
multiannual average, by year to create annual averages,
and by monsoon to create multiannual monsoon aver-
ages. We used A. clarkii growth rates to partition dis-
persal observations into time periods based on body size
(Dedrick et al., 2021). Recruits were sampled in May and
June and, if they measured less than 3.5 cm, were
assumed to have dispersed between the preceding
November and May (i.e., during the Amihan northeast
monsoon season). In contrast, recruits greater than
4.5 cm but less than 6 cm were assumed to have dis-
persed between June and October during the preced-
ing Habagat southwest monsoon season (Catalano
et al.,, 2021). We constructed observed connectivity
matrices B; with elements b;; and rows i as source (par-
ent) sites and columns j=1...S destination (recruit) sites
for each time window t (Bode et al., 2019). The final row
x of the matrix (by;) included sampled recruits without
an identified parent, which is informative statistical
information (Bode et al., 2018). We represented the simu-
lation data as a connectivity matrix, with rows as source
sites and columns as destination sites, M, (see, e.g.,
Appendix S1: Figure S2).

We calculated the log-likelihood (Bode et al., 2019) of
observing the parentage matrix B; given a simulated con-
nectivity matrix M, with elements m;; as

S 2 M
s Yo (1 =m) n "
LL(MtlB[> = Zj:lbxjt ]'n ( - S n Maijt =

a=1"4 p,,

s (1—(1—my)?)my e
+Zi,}'1bijlln< ZS n,, Mat . (3)

a=1"4 p,

The function accounts for empirical sampling by
incorporating population size at site i (n;) and the propor-
tion of adults sampled at each site in each time period
(), here given by the breeding female abundance
(Appendix S1: Tables S1 and S2). The simulation connec-
tivity matrix was normalized by the total number of parti-
cles released by each site i (p;,) in time period t. The first
term of the equation describes the log-likelihood of the
unassigned recruits (no parent sampled) in the observed
data, and the second term describes the log-likelihood of
the assigned recruits (parentage assigned) in the observed
data, given the particles recruiting along each simulated
connectivity route.

We compared log-likelihoods across different combina-
tions of observations and models. First, we calculated the
log-likelihood of the observed multiannual (2012-2014)
connectivity data conditional on the multiannual average
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simulation data, LL(M2012_2014|BZ()12) + LL
(M2012 - 2014|B2013) + LL(M2012 - 2014|B2014). We then com-
pared this with the joint log-likelihood of the annual con-
nectivity data conditional on the year-specific simulation
data for each of the three years, LL(Mpp2|B2o12)+
LL(M2013|BZ()13) +LL(M2014|BZ()14). We also calculated
McFadden’s pseudo-R? (McFadden, 1977) as a measure
of the goodness-of-fit increase from the multiannual
average to the year-specific model (pseudo-R*> =
1-— #m) Pseudo-R? values tend to be low, and
values of 0.2-0.4 can be considered “excellent fit”
(McFadden, 1977).

To test whether monsoonal oceanographic variation
explained observed connectivity variation, we compared
the log-likelihood of the observed connectivity matrix
including only those recruits that could be partitioned into
monsoon cohorts based on size at sampling conditional on
the multiannual simulation connectivity data of the two
monsoon seasons (Amihan, Amh, and Habagat, Hag) com-
bined, LL(Mamh + tag|Bamh) + LL(MaAmh + Hag|Briag ) » to the
joint log-likelihood of the monsoonal connectivity data
conditional on the simulation data specific to each of the
two monsoon seasons Amihan and
Habagat, LL(Mamn |Bamh) + LL (Mag|Biag ) -

To account for uncertainty, we resampled both the
observed A. clarkii recruitment events (n = 394 juveniles,
whether matched to parents or not) and the simulated
recruitment events (955,263 particles that recruited back
to the source reefs) 1000 times with replacement. The
simulations recreated many dispersal events, while our
observations sampled much less extensively. To account
for uncertainty created by limited sampling, we also
downsampled our simulations by resampling 394 individ-
ual recruits with replacement from the simulation data
according to the actual number of individual recruits
sampled at each site in each year (Appendix S1:
Table S2). We repeated this procedure 1000 times. We
then applied the likelihood function to each resampled
iteration of observed, simulated, and downsampled simu-
lation connectivity matrices.

Comparing simulated and observed
dispersal

We tested how well the simulation recreated the observed
spatial scale of dispersal and the magnitude of dispersal
variation across timescales. To do so, we fit generalized
Gaussian dispersal kernels to the observed and simulated
data (Bode et al., 2018; Catalano et al., 2021). The dis-
persal kernel was an isotropic probability density func-
tion that described dispersal (p) from the natal patch i to
patch j with distance (d) as:

ko kg )0

k,0,dy) = — e~ (<), 4

P( lj) r (%) (4)

where I' denotes the gamma function (Bode et al., 2018).

We used maximum likelihood optimization in R ver-

sion 3.6.1 with the package bbmle (Bolker et al., 2017;

R Core Team, 2019) to estimate the scale parameter

k (dispersion) and a shape parameter 0 (kurtosis) that

affects how much of the density is contained in the tail
(Catalano et al., 2021).

We fit dispersal kernels to the simulation data and
genetic observations of dispersal grouped on multiannual
(2012-2014), annual, and monsoonal timescales. We then
used the kernels to calculate unsigned mean dispersal
distance, a common measure of the spatial scale of dis-
persal. To account for uncertainty, we calculated distance
from each of the resampled connection matrices
(n = 1000) described in the previous section. To compare
the magnitude of temporal variation in mean dispersal
distance between the observations and simulations, we
calculated the mean dispersal distance CV (equal to the
SD divided by the mean) across years and across mon-
soons, plus uncertainty in these calculations across each
bootstrapped iteration.

RESULTS
Camotes-ROMS circulation

Along the coast of Leyte on the eastern edge of the
Camotes Sea, currents flow predominantly southward
alongshore (Figure 2). The greatest average current speed
and EKE across sites was in 2013 (Figures 2 and 3;
Appendix S1: Figures S3 and S4, Table S3). The average
alongshore current speed across the sites was greatest
during the Habagat southwest monsoon (June—October),
although the northernmost sites experienced greater cur-
rent speeds during the Amihan northeast monsoon
(November through May, Appendix S1: Figure S3). There
was no major monsoon-driven current reversal in this
nearshore area (Figure 2A,B). The EKE was generally
greater during Amihan (Figure 3A,B; Appendix S1:
Figure S4, Table S3). Overall, the average currents and
EKE generally differed more between monsoons (for
which wind directions differ substantially) than across
years.

Likelihood-based model comparison

The model comparison demonstrated that the intera-
nnually varying biophysical simulations, rather than
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FIGURE 2 Average surface current speed (in meters per second) during the Amihan northeast monsoon season (A) and the Habagat
southwest monsoon season (B); for the years 2012 (C), 2013 (D), and 2014 (E); and the average for 2012-2014 (F).

the average connectivity patterns, produced a higher represented interannual variability that was relevant
likelihood of the observed connectivity data (Figure 4). for larval dispersal. Sites further south in the study
In other words, the biophysical simulations accurately  region contributed, in particular, to the better
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performance of interannual simulations (Appendix S1: simulation data downsampled according to the empiri-
Figure S5). The pseudo-R® value was 0.128. In cal sampling scheme and the pseudo-R®> value
addition, the likelihood was greatest when using the increased to 0.405, suggesting that additional variability
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in the observations was caused by the sampling process
(Figure 4A,C).

Similarly, the monsoon-specific simulations had
higher likelihood than the cross-monsoon average simu-
lations (Figure 4B), and the likelihood was higher
when the simulation data were downsampled than
when they were not (Figure 4B,D). The pseudo-R*
value increased from 0.433 without downsampling to
0.775 with downsampling.

Comparing simulated and observed scales
of dispersal

The dispersal simulations consistently predicted smaller
spatial scales of dispersal than those observed (Figure 5;
Appendix S1: Figure S6). For example, the mean dispersal
distance calculated from the aggregate observed dispersal
kernel for 2012-2014 (13.7 km with 95% CI of 10.5-18.5)
was greater than that from the simulated kernel (3.77 km
with 95% CI of 3.76-3.77) (Figure 5; Appendix S1:
Figure S6, Table S4). However, the simulations did capture

greater mean dispersal distance during Habagat than dur-
ing Amihan (Figure 5; Appendix S1: Figure S6, Table S4),
matching the greater simulated current speeds during
Habagat (Figure 2; Appendix S1: Figure S3, Table S3).

There was some correspondence in shape between the
observed and simulated kernels. For example, the 2014,
2012-2014, and Amihan kernels were leptokurtic (i.e., more
outliers than a Gaussian distribution; 6 < 1) for both the
observations and the simulations (Figure 5; Appendix S1:
Figure S7, Table S4). However, the observed 2012, 2013,
and Habagat kernels were platykurtic (i.e., fewer outliers;
0 > 1), while the simulated kernels were leptokurtic
(Figure 5; Appendix S1: Figure S7, Table S4).

Interannual variation in mean dispersal was greater
in the observations (median CV 1.04) than expected
from the simulations (0.08, Figure 6). Downsampling
the simulations produced interannual variation
(median CV 0.22) somewhat closer to that observed
(Figure 6). In contrast, the observed monsoonal varia-
tion (0.31) was comparable to the simulated variation
(0.39, Figure 6). Downsampling reduced the expected
monsoonal variation (Figure 6, median CV 0.03).
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FIGURE 5 Dispersal kernels fit to genetic parentage observations (orange) and to biophysical simulations (blue) on annual,
monsoonal, and aggregate timescales (2012-2014). Figure shows best-fit kernel for the observations (solid black line), 100 kernels drawn
from the log-likelihood profiles (colored lines), and mean dispersal distances (dashed vertical lines).

DISCUSSION

Despite ample observation that dispersal patterns vary
through time, it has been substantially more difficult to
understand the extent to which environmental variability
explains variation in larval connectivity. Mechanistic
studies of dispersal have the power to illuminate the fac-
tors shaping connectivity patterns across time. Here, we
showed that temporal variation in nearshore oceano-
graphic transport is a key mechanism structuring annual
and seasonal dispersal of the coral reef fish A. clarkii. We
found that biophysical simulations of the nearshore envi-
ronment explained interannual and monsoonal variation
in observed dispersal, although the simulations consis-
tently underestimated the spatial scale of dispersal and

the magnitude of dispersal variation among years. Our
results empirically demonstrate that variation in near-
shore oceanographic flow contributes to the emergent
variation in larval dispersal.

We found that the observed dispersal patterns were
better explained by interannually varying ocean currents,
rather than average ocean currents, supporting our
hypothesis that variability in oceanographic transport
contributes to interannual variation in larval dispersal.
This finding was not a foregone conclusion, because
oceanographic models often have difficulty representing
mesoscale currents in time and space, particularly in
data-limited regions of the world, and average statistical
distributions are often more appropriate (Edwards
et al., 2015). This finding using mechanistic, biophysical
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across years and monsoons.

models of larval dispersal extends previous associations
between current directions and dispersal in other near-
shore marine taxa (Abesamis et al., 2017, Carson
et al., 2010). This annual variation in current speed may
in part be driven by annual variation in monsoon activ-
ity. The timing of Habagat onset (southwest monsoon,
which has more advection than the Amihan northeast
monsoon) can be anywhere from early May to early July,
resulting in years with an earlier onset experiencing a
longer Habagat monsoon season. The timing of Habagat
onset depends on the initiating atmospheric factors like
the arrival of warm and moist air from tropical cyclones
(Kubota et al.,, 2017). Annual circulation differences
caused by Habagat onset variation could also be affected
by sea surface temperature anomalies from the El Nifio
Southern Oscillation (ENSO). In our eastern Camotes Sea
simulations, the shortest annual mean dispersal distance
was in 2014, following a weak El Nifio event in 2013 and
consistent with observations of decreased Habagat activ-
ity following El Nifio events (Xie et al., 2009). Further
investigation of these and related climate mechanisms
will require more than the three-year time series we had
available because these environmental phenomena oper-
ate on longer time periods and require more observations
to understand the range of potential impacts on connec-
tivity. Even so, these results empirically support the
hypothesis that annual variation in oceanographic trans-
port contributes to annual variation in emergent

Data source

CV in mean dispersal distance for bootstrapped observations, simulations, and downsampled simulation dispersal kernels

connectivity, and that mechanistic biophysical models
accurately represent this variation (Mitarai et al., 2008;
Siegel et al., 2008).

The biophysical simulations demonstrated substantial
variation in ocean currents between monsoon seasons
and predicted a greater spatial scale of dispersal during
Habagat that was also apparent in the empirical dispersal
observations. In the eastern Camotes Sea, currents flow
southward along the coast of Leyte in both monsoons but
strengthen during Habagat, consistent with the observa-
tions of greater mean dispersal distances during Habagat.
EKE was also lower during Habagat, suggesting that
stronger eddy activity contributes to larval retention
and does not contribute to extensive larval dispersal.
Along the coast of the nearby island of Negros in the
Philippines, the reef fish Chaetodon vagabundus disperses
predominantly northeastward during Habagat and south-
westward during Amihan, coincident with the prevailing
wind direction of each monsoon and supporting the idea
that monsoonal variation in dispersal is driven by chang-
ing oceanographic transport (Abesamis et al., 2017). Our
coincident observations and simulations further demon-
strated that monsoonal variation in oceanographic trans-
port is a key mechanism driving monsoonal variation in
connectivity.

One notable finding was the generally shorter scales
of simulated dispersal than the scales observed. Several
aspects of the numerical models could have contributed
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to reduced dispersal. First, the atmospheric forcing condi-
tions prescribed by MERRA are coarser resolution
(1%2° latitude X %:° longitude; Rienecker et al., 2011) than
the Camotes-ROMS (500 m) by roughly two orders of
magnitude. While these forcing conditions provide a rea-
sonable estimate of the broadscale atmospheric state,
they omit localized processes that could alter ocean cur-
rents and eddies. Second, TRACMASS was run offline
using daily average values for ocean currents, which
underrepresents diurnal variation in currents (e.g., tides
and weather). TRACMASS was also run without the
addition of numerical diffusion: particles were seeded
within grid cells in a spatially even, rectangular configu-
ration. This approach sampled a range of linearly interpo-
lated velocity fields in the ocean grid cell but did not
reproduce fluid diffusion or turbulence. Lastly, we seeded
1000 particles per grid cell to keep computation time
lower, but this number may not fully represent potential
dispersal (Brickman & Smith, 2002; Simons et al., 2013).

Our simulations were designed to isolate the effect of
oceanographic transport and did not include any larval
behaviors that would allow individuals to modify their
movement (Burgess et al., 2022; Leis et al., 2011; Majoris
et al., 2019; Nanninga & Manica, 2018). Along with phys-
ical processes not fully captured by the simulations, the
lack of larval behavior likely contributed to some of
the differences between observations and simulations,
including the smaller scale of simulated dispersal dis-
tances than those observed. Larvae exhibit swimming
abilities that increase throughout development, and ori-
entation abilities that help them choose a position in the
water column and navigate toward suitable habitat
(Fisher, 2005; Lecchini et al.,, 2005; Leis et al., 2011;
Simpson et al., 2010). For example, damselfish larvae in
the Caribbean can actively move below the wind-driven
surface layer and mitigate advection away from suitable
habitat in the nearshore environment (Paris et al., 2007;
Paris & Cowen, 2004). Studies of P. maculatus connectiv-
ity in the Great Barrier Reef system demonstrate that
adding larval behaviors like ontogenetic vertical migra-
tion, swimming performance, and orientation in biophys-
ical simulations enhances the correspondence between
simulations and observations, relative to passive simula-
tions (Bode et al., 2019).

For fast swimming larvae like A. clarkii, we hypothe-
size that incorporating larval swimming and orientation
in simulations will increase larval diffusion and enhance
the probability of settlement, thereby increasing the
predicted mean dispersal distance (Burgess et al., 2022).
This hypothesis is contrary to expectations from research
in other marine systems, which suggests larvae use their
swimming abilities to stay close to their natal locations
(Fobert et al., 2019; Paris et al, 2007). However,

swimming is also used by larvae while feeding and
finding suitable settlement habitat, not simply navigating
to their natal reef. Feeding movements may increase dif-
fusion and therefore increase dispersal away from natal
sites. In addition, swimming to suitable habitats can
increase the settlement success of even long-distance dis-
persers (Burgess et al., 2022; Nanninga & Manica, 2018).
Meta-analyses demonstrate that swimming ability is a
good proxy for reef fish dispersal capacity and is corre-
lated with greater gene flow and range size (Majoris
et al., 2019; Nanninga & Manica, 2018). Our comparison
of empirical observations with passive simulations high-
lights the complex relationship between larval behavior
and oceanographic transport and contributes to a broader
effort to understand this interaction.

Our observations of mean dispersal distance demon-
strated much stronger annual variation than the biophysical
simulations, but monsoonal variation was comparable
between observations and simulations. Some of this dispar-
ity in annual estimates was explained by subsampling the
simulations to replicate our sampling effort in the field,
revealing that some, but not all, of the excess interannual
variation was from sampling variance. In addition, bio-
logical processes such as reproduction and survival may
explain the remainder of the unexplained variation on
annual timescales. For example, in coastal kelp forests,
annual variation in connectivity is driven by an interac-
tion between temporal variation in fecundity and dis-
persal (Castorani et al., 2017). Fecundity variation could
interact with spatial dispersal heterogeneity in A. clarkii,
such that different sites with different dispersal potentials
have greater or lesser reproductive success each year,
leading to higher levels of dispersal along some routes
relative to other routes in a given year. Additionally, an
individual’s dispersal history can have important implica-
tions for post-settlement survival, such that larvae
along certain trajectories are more likely to survive in a
given year (Hamilton et al., 2008). A. clarkii survival
post-recruitment is also influenced by predation, other
biotic interactions, and temperature, and warmer temper-
atures enhance survival markedly when compared with
cooler temperatures (Le et al., 2011). Temperature anom-
alies in a given year are likely more pronounced at
shallower sites, disproportionately increasing or decreas-
ing the relative number of dispersing and surviving
individuals observed along routes to shallow settlement
sites. This effect would influence our observations of
post-recruitment individuals, but not our simulations
because the latter did not include survival. Our mon-
soonal estimates were multiannual averages of connectiv-
ity, and this may explain why accounting for the
sampling process introduced less variability than it did
on annual timescales. Taken together, variation in larval
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connectivity results from a sequence of biotic and abiotic
processes that are heterogeneous across both time and
space in many coastal systems, including but not limited
to physical transport.

Our results demonstrate the ability of high-resolution
biophysical simulations to predict some of the observed
temporal variation in larval connectivity, but they are
only a first step toward understanding the mechanisms of
connectivity variation. Research that includes larval
behavior in biophysical simulations will help reveal the
relative contribution and possible interactions of larval
behavior and oceanographic forcing in a hypothesis
testing framework. Further investigation into the con-
tribution of environmental stochasticity to connectivity
variation is needed in diverse systems and across lon-
ger timescales to identify the effects of phenomena like
decadal atmospheric oscillations. As future work con-
tinues to characterize the mechanisms of variability
that can be incorporated in biophysical models, it will
become possible to elucidate how dispersal variation
affects emergent processes such as local adaptation and
population persistence, enabling further research with
a tractable modeling framework to complement exten-
sive empirical surveys.

Dispersal is central to ecological and evolutionary
processes, from population and community dynamics to
local adaptation (da Silva Carvalho et al., 2015; Hastings
& Botsford, 2006; Resasco & Fletcher, 2021; Tigano &
Friesen, 2016). Temporal variation in dispersal may
enhance or diminish population persistence, drive com-
munity turnover and range expansions, and contribute to
temporal heterogeneity in genetic structure (Harrison et al.,
2020; Klein et al., 2016; Matias et al., 2013). The mechanistic
understanding developed here demonstrates the power of
concurrent empirical and simulation-based analysis to illu-
minate the long-standing “black box” of larval dispersal in
connectivity science (Counsell et al., 2022; Cowen, 2002).
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