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Abstract

Worldwide, coral reefs are facing risk from climate change. The Western Indian Ocean (WIO) harbours about 16% of global coral reefs
with highly reef-dependent local communities. Coastal protection and food security depend on effective conservation management,
which requires understanding species abundances. Here, we explore how fish group distribution and abundance across the WIO, cat-
egorized by their trophic function, are explained by oceanographic connectivity, sea surface temperature (SST), and chlorophyll a. We
designed a proportional oceanographic connectivity metric describing the relative strength of connectivity between all WIO coral reefs
and each survey site. We created statistical models for four trophic groups: grazers and detritivores, herbivorous excavators, coralli-
vores, and primary piscivores across 51 sites in the WIO. We show that SST and chlorophyll a are strong predictors of all trophic fish
groups and that the proportional oceanographic connectivity metric improved the model predictions significantly for grazers and de-
tritivores and excavators. For excavators, peak abundances were predicted at medium connectivity, and for grazers and detritivores, at
low and medium connectivity, suggesting that larvae dispersal predominates at a local scale. Decision making should include connec-
tivity for efficient conservation area prioritization, for which our proportional oceanographic connectivity metric is a valid and useful
parameter.
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Introduction

Indian Ocean sea surface temperatures (SSTs) have increased
by 1.04°C during 1950-2015 (IPCC 2022), at a rate of about
0.1°C per decade since the 1950s (Dhame et al. 2020). This is
faster than the warming seen in the other tropical oceans and,
together with the Western Pacific Ocean, the Indian Ocean is
the most vulnerable ocean region to thermal stress (Dhame et
al. 2020, Obura et al. 2021). With ongoing climate impacts, it
is vital to understand present circulation patterns, larvae dis-
persal, and fish population dynamics, how these might change,
and how this will affect reef resilience and food security (Gra-
ham et al. 2015, Hughes et al. 2017, van Hooidonk 2020).
Functionally important fish groups encompass the variety of
functional processes critical to reef resilience (Bellwood et al.
2019, Brandl et al. 2019, Sheppard et al. 2023). On coral reefs
a major focus for reef persistence and recovery is on different
trophic fish groups like piscivores or herbivores that show dif-
ferent feeding mechanisms (Bellwood et al. 2019, Brandl et al.
2019, Sheppard et al. 2023). Herbivorous fish can be divided
into sub-groups, such as grazers, detritivores, and excavators
by their impact on coral-algal dynamics on reefs (Heenan and
Williams 2013, Samoilys et al. 2019). Thus, functional di-
versity is hypothesized to support resilience through comple-
mentarity of niches or functional redundancy where several
species can perform one ecological function (Fox and Bell-
wood 2013, Heenan and Williams 2013). Enhancing reef re-

silience by managing trophic fish groups with differing func-
tional roles (Fox and Bellwood 2013, Bellwood et al. 2019)
can support the capacity of an ecosystem to withstand and re-
cover from environmental disturbance events (Nystrom et al.
2008).

Reef fish are also critical to food security as seen in the
yields of small-scale fisheries which can supply up to 99% of
protein uptake for coastal communities and around 82% of
households’ income in the WIO (Barnes-Mauthe et al. 2013).
Meanwhile the Indian Ocean coastlines are home to some of
the world’s poorest communities, who often rely on coral reef
resources for their livelihoods (Barnes-Mauthe et al. 2013,
Popova et al. 2019, Obura et al. 2021). For the years 2000~
2020, these coastlines have seen a striking 33% human pop-
ulation growth within a 100 km radius of coral reefs and a
71% increase within a § km radius substantially increasing
the pressure on these ecosystems (Sing Wong et al. 2022). Reef
degradation and severe annual coral bleaching are expected to
occur regionally by 2040 and for most reefs by 2067, there-
fore actions that help build resilience and mitigate these im-
pacts are urgently needed (Hattam et al. 2020, van Hooidonk
2020).

Climate change has a predominant effect on larval disper-
sal with the pelagic larval duration (PLD) of reef fish pre-
dicted to decrease by 12%-25% for a 3°C temperature rise
due to an increased larvae metabolism, resulting in lower
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dispersal and connectivity (Botsford et al. 2009, Johansen and
Jones 2011, Lloyd et al. 2012). Additionally, SST increases
lead to coral bleaching and mortality (Hughes et al. 2017, Hat-
tam et al. 2020) that causes habitat fragmentation (Botsford
et al. 2009, McMahon et al. 2012). Oceanographic currents
are predicted to change under future climate change scenar-
ios which will likely have large impacts on species population
persistence because of the effects on larvae dispersal (Coleman
et al. 2017, Gennip et al. 2017). Small-scale patterns are dif-
ficult to model, but understanding the relative importance of
currents compared to other local environmental variables can
help prioritize decision-making in marine conservation (Gen-
nip et al. 2017, Mayorga-Adame et al. 2017, Hidalgo et al.
2019, Obura et al. 2021). Chlorophyll 4 is an environmental
variable that is predicted to change with ocean warming alter-
ing biological productivity which can impact fish larvae and
trophic group composition dynamics (Kaunda-Arara et al.
2009, Beaulieu et al. 2013, Samoilys et al. 2019). Remotely
sensed SST and chlorophyll a data are commonly used for
large scales but limitations in sensor algorithms and coastal
areas resulting in inaccuracies and low resolutions need to
be considered (Chen et al. 2013, Sathyendranath et al. 2019,
Lahiri and Vissa 2022, Sudre et al. 2023).

Connections between different coral reef regions and self
or non-self-recruiting populations remain mostly unstudied—
especially in the WIO (Crochelet et al. 2016, Gamoyo et al.
2019, Obura et al. 2021). Limited resources, infrastructure,
local expertise, and security issues lead to poor ecological
knowledge of how species abundance and PLD are impacted
by environmental factors in the WIO (Gennip et al. 2017,
Popova et al. 2019, Obura et al. 2021). High connectivity
and strong currents with high larval inflow can strengthen
reef resilience and predict persistence of species across regions
and temperature scenarios (Mayorga-Adame et al. 2017, Mc-
Manus et al. 2021). However, these factors may also disturb
acclimatization and thus, impact coral sensitivities to temper-
ature anomalies (Roche et al. 2018). Furthermore, high levels
of connectivity may have negative side effects, such as spread
of pollutants, invasive species and pathogens or limited asyn-
chrony of species (Hughes et al. 2010, Mayorga-Adame et al.
2017).

Quantifying connectivity is complex and, depending on the
type of connectivity being considered, different factors play
important roles. In the case of fish, which have a meroplank-
tonic stage early in their lifecycles, connectivity is a function
of transport, larval survival, settlement, and post-larval sur-
vival (Pineda et al. 2007). The latter three variables mean that
oceanographic transport alone is a proxy for true ecological
connectivity, as connectivity is also influenced by traits of the
species in question (Balbar and Metaxas 2019, Virtanen et al.
2020). Passive dispersal by ocean currents is a key mecha-
nism driving the transport of organisms (Jonsson and Watson
2016), but other mechanisms include active migratory con-
nectivity (Cowen et al. 2006, Popova et al. 2019).

We utilized a subset of trajectories from pre-existing La-
grangian particle tracking experiments (Popova et al. 2019)
to define and develop a metric called ‘proportional oceano-
graphic connectivity” describing the strength of ocean circula-
tion connectivity between all WIO coral reefs (UNEP-WCMC,
WorldFish Centre, WRI, TNC 2021) and each fish survey site
(Fig. 1). Lagrangian particle tracking involves releasing virtual
‘particles’ into the (pre-calculated) time-evolving velocity field
of an ocean general circulation model and tracking them ei-
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ther forwards in time (downstream) to their destinations or
tracking them backwards in time (upstream) to their sources.
To assess connectivity among the fish survey sites we used the
connectivity from backtracked passively transported particles,
which is the transport of particles along ocean currents (Gen-
nip et al. 2017, Popova et al. 2019).

There is a need for linking ocean circulation model pre-
dictions with ecological population models as ocean currents
are a major driver of pelagic larval dispersal (Botsford et al.
2009, Mayorga-Adame et al. 2017, Vaz et al. 2022). This is a
novel approach that can inform reef management by identify-
ing key areas of interconnectivity and source reefs for conser-
vation prioritization through MPA networks (Gamoyo et al.
2019, Hidalgo et al. 2019, McManus et al. 2021, Figueiredo
et al. 2022). Current models of trophic fish group abun-
dances often lack larval dispersal and oceanographic connec-
tivity parameters, which are critical factors that influence the
fate of reefs after disturbance events such as bleaching (Gra-
ham et al. 2015, Magris et al. 2016, Mayorga-Adame et al.
2017).

Our broad aim is to explore how trophic reef fish groups are
impacted by their environment and how they respond to vari-
ations in oceanographic connectivity, SST, and chlorophyll a.
SST and chlorophyll a changes have been shown to be two of
the four main stressors under global change for marine species
along with ocean acidification and de-oxygenation (Gennip et
al. 2017, Samoilys et al. 2019, Obura et al. 2021). Chloro-
phyll a concentration shows phytoplankton pigmentation in
the oceans and is used as an indicator for ecosystem health and
productivity (Feng and Hu 2016). SST measured to a depth of
10-20 m is a critical parameter for coral reefs and reef fish
larval development (Hughes et al. 2017). For the analysis, we
developed generalized additive models (GAMs) to assess how
SST, chlorophyll g, and oceanographic connectivity relate to
trophic group abundance.

Methods

Ecological data

The reef fish data were collected between 2009 and 2015 using
a SCUBA-based underwater visual census along five 50 x 5 m
transects per fish survey site (Samoilys et al. 2019). Fish tran-
sect surveys were completed for 51 sites across coral reefs in
Comoros, Madagascar, Mozambique, and Tanzania (Fig. 1).
The survey sites are standardized fore reefs between 0.5 and
33 m depth, with most between 7 and 15 m (Samoilys et al.
2019). Four trophic groups essential for reef resilience were
chosen and encompassed six taxonomic families (Table 1).

Environmental data

SST and chlorophyll a were extracted as monthly mean
data series from NOAA’s Environmental Research Division
Data Access Program archive (https://coastwatch.pfeg.noaa.
gov/erddap/index.html) at a spatial resolution of 4 x 4 km
(Supp. Figs S1 and S2). The monthly mean data were summa-
rized to annual means and matched to the site and year of the
ecological data (Supp. Table S1).

Modelled oceanographic connectivity

Our proportional oceanographic connectivity metric gives
the percentage of total WIO reefs that are connected to
each survey site within 30 days, according to pre-existing
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Figure 1. Map of the Western Indian Ocean (WIO) showing the locations of the 51 fish transect survey sites in Comoros, Madagascar, Mozambique,

and Tanzania (source: Samoilys et al. 2019).

Table 1. Trophic groups of coral reef fish families used in this research describing their biology and impacts on coral reefs.

Trophic group

Biology and impacts on coral reefs

GRAZERS AND DETRITIVORES
Families

(Acanthuridae, Siganidae)

LARGE AND SMALL EXCAVATORS
Families

(Labridae: Scarinae)

Feed on algal turf by searching the epilithic algal matrix for detritus, act as indicator for number of
algae (Marshell and Mumby 2012, Heenan and Williams 2013)

Actively bite pieces off the reef, which results in settlement space for corals and crustose coralline
algae, can enhance resilience, play key role in bioerosion, limit fleshy and turf algae due to their

higher amount of feeding off the reef matrix (Heenan and Williams 2013, Hussey et al. 2014)

CORALLIVORES
Families
(Chaetodontidae)
PRIMARY PISCIVORES
Families

(Lutjanidae, Serranidae:
Epinephelinae)

Feed on corals, abundance linked to coral cover (Heenan and Williams 2013, Hussey et al. 2014)

Prey on lower trophic level fishes, indicators for fishing pressure (Hussey et al. 2014)

Lagrangian trajectories of the coastal zones of four countries
(Comoros, Madagascar, Mozambique, and Tanzania) taken
from (Popova et al. 2019) (Fig. 2). To calculate this connectiv-
ity metric each individual polygon from the WIO (30°S, 12°N,
30°E, 70°E) was extracted from the UNEP-WCMC database
(UNEP-WCMC, WorldFish Centre, WRI, TNC 2021), yield-
ing 18 981 reef polygons. A bounding box with a 0.25°-buffer
was added to each polygon to define a “reef-associated” area
(Supp. Fig. S3). Equivalent boxes were considered around

each of the fish survey sites. For each fish survey site, the La-
grangian particles initialized within that site’s bounding box
were considered, which amounted to between 300 and 848
particles per site. These particles were backtracked upstream
for 30 days, and if their trajectories intersected with one
of the reef polygon bounding boxes, that reef was deemed
to be connected to the survey site. The fraction of all WIO
reefs connected to each survey site was used as the metric
for proportional oceanographic connectivity for each site
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Figure 2. Oceanographic connectivity backtracking model for (a) Comoros, (b) Madagascar, (c) Mozambique, and (d) Tanzania for the year 2010. Particle
release locations along the coast are plotted in black and the duration of time elapsed is colour coded such that, for example, a particle starting at the
easternmost tip of the orange line would take 30 days to arrive at the initialization site marked in black. Trajectories are showing every 10th particle for

each country.

(Fig. 3). For each particle, the first 30 days of backtracking
were used to represent a weighted mean for the reef fish taxa
most common in our data from the families Acanthuridae,
Scaridae, Serranidae, and Lutjanidae with annual spawn-
ing phenologies (Victor and Wellington 2000, Lester and
Ruttenberg 2005, Kulbicki 2015, Roberts et al. 2021).

Our setup used the trajectories from Popova et al. (2019)
that were generated with the ARIANE Lagrangian software
(Blanke and Raynaud 1997) to perform particle tracking sim-
ulations based on modelled ocean hydrodynamics. The hydro-
dynamic results came from a 1/12° horizontal resolution run
of the Nucleus for European Modelling of the Ocean (NEMO)
general circulation model (Madec 2014), forced with hind-

cast data from the DRAKKAR Forcing Set (DFS) version 5.2
(Brodeau et al. 2010). 1/12° is state of the art for global
circulation models and sufficient for mesoscale eddies to be
well resolved at the latitudes relevant to the simulations per-
formed here (Holt et al. 2014, Biastoch et al. 2018). Particles
were traced back in time for up to one year, with particle re-
leases initialized quarterly (January, April, July, October) over
a decade (2005-2014). Particle trajectories were calculated,
and the particles’ locations were recorded at daily frequency.
With herbivorous reef fish having maximum travel distances
in one direction of up to 10 km and piscivorous reef fish up
to tens of kilometres we allow for a 0.25° (~28 km) buffer
around the reef polygon or fish survey sites to capture all
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Figure 3. Bar plots for the proportional oceanographic connectivity metric for each year and for all 51 sites.

Table 2. Variance explained in the abundance of trophic groups of coral reef fish by environmental variables in the Western Indian Ocean.

Deviance
Model explained (%) AICc edf A AICc
GRAZERS AND DETRITIVORES
mean sea surface temperature + mean chlorophyll a + connectivity (K = 14) 89.9 880.7195 37.33163 0
mean sea surface temperature + mean chlorophyll a (K = 14) 63.3 1142.161 26.15785 261.4415
LARGE AND SMALL EXCAVATORS
mean sea surface temperature + mean chlorophyll a + connectivity (K = 10) 73.8 702.8713 26.17412 0
mean sea surface temperature + mean chlorophyll a (K = 10) 53.4 892.5468 17.07838 189.6755
CORALLIVORES
mean sea surface temperature + mean chlorophyll a (K = 10) 571 471.3942 15.3773 0
mean sea surface temperature + mean chlorophyll a + connectivity (K = 10) 66.6 482.8149 22.28583 11.4207
PRIMARY PISCIVORES
mean sea surface temperature + mean chlorophyll a (K = 16) 61.9 318.9211 17.21521 0
mean sea surface temperature + mean chlorophyll @ + connectivity (K = 16) 62.8 323.8636 17.69656 4.9425

Top-ranked models (bold) of environmental condition and coral reef fish trophic group abundance. AICc = Akaike information criterion corrected for small
sample size, edf = estimated degrees of freedom, A AICc = difference of AICc relative to the best-fit model.

modelled particles that are reef-associated whilst limiting
overlap of the boxes (Green et al. 2015).

Data modelling

We used GAMs to evaluate the relationship of the abundance
of the four trophic reef fish groups—grazers and detritivores,
excavators, corallivores, and primary piscivores—with the an-
nual mean of both SST and chlorophyll a as well as pro-
portional oceanographic connectivity. Visual data inspection
showed non-linear relationships for most predictors and thus,
GAMs were fitted with the modelling package mgcv (1.9-
0). Poisson distribution was selected for the abundance data
and model assumptions were confirmed through inspection
plots. To avoid multicollinearity issues, predictor variables
with significant Pearson correlations were not included in the
same model. All models were fitted with the Maximum Like-
lihood method, which performs more robustly under smooth-
ing (Wood 2017). The models were selected based on Akaike’s
information criterion for small sample sizes (AICc) (Akaike
1998, Wood et al. 2013, R Development Core Team 2018).

The final models were run with different numbers of smooth
functions (between k = 4 and k = 16; default k = 10) and
the final k& parameter was chosen based on capturing the di-
mensionality of the underlying function and a resulting sta-
ble model fit confirmed via AICc values (Wood 2004, 2017,
Wood et al. 2013) (Table 2; Supp. Table S2), k-index values,
and visual diagnostics plots (Supp. Figs S4-S7; Supp. Table
$3-S6).

Results

The proportional oceanographic connectivity metric is below
75% across all sites and the same sites exhibit high or low
connectivity patterns throughout the years with the exception
of 2013 and 2014 (Fig. 3). Hence, the most highly connected
fish survey sites are linked to 75% of coral reefs whereas the
least connected sites are linked to just under 5% of coral reefs
in the WIO region.

For grazers and detritivores and large and small excava-
tors, models including connectivity were favoured in model
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selection (lowest AICc) with the best fits ranging from 89.9%
deviance explained for grazers and detritivores to 73.8% de-
viance explained for excavators (Table 2). For corallivores and
primary piscivores, the best-fit models include SST and chloro-
phyll a but the models, including connectivity have only minor
AICc differences of 11.4 or 4.9, respectively. For grazers and
detritivores and excavators all three variables were highly sig-
nificant (P-value < 0.001). For corallivores and primary pis-
civores, the best-fit models did not include connectivity, but
the other two parameters (SST and chlorophyll a) were highly
significant (P-value < 0.001).

The abundance of grazers and detritivores peaked at
28.5°C-29°C, the highest peak temperatures of all groups,
(Fig. 4a) and at levels of 0.8-1 mg/m? and above 1.2 mg/m?
chlorophyll a (Fig. 4b). For proportional oceanographic con-
nectivity highest abundances were predicted at the connectiv-
ity levels of below 5%, between 20% and 40%, and at 55%
(Fig. 4c¢).

Higher SST led to higher excavator abundances with peaks
at 27.5°C-28.2°C, whereas for chlorophyll a the pattern is
more extreme with a sudden peak at 0.9 mg/m? which then
dropped sharply (Fig. Sa, b). For proportional oceanographic
connectivity, a peak of excavator abundance appeared be-
tween levels of 20% and 50% (Fig. 5¢).

The relationship of corallivores with mean SST shows
highly non-linear patterns with predicted abundance peaks at
27.3°Cand 28.2°C (Fig. 6a). The model indicates a clear trend
predicting higher corallivore abundances with chlorophyll a
levels greater than 1 mg/m? (Fig. 6b).

Primary piscivore abundances were variable with SST, with
a peak at 27.2°C, lower than the other three groups, but a
second peak above 28.7°C (Fig. 7a). Primary piscivore abun-
dances show a strong peak in abundances at chlorophyll a
levels between 0.8 mg/m? and 1 mg/m? (Fig. 7b).

Discussion

Here we have shown oceanographic connectivity plays an im-
portant environmental role in driving abundance of herbiv-
orous fish groups such as grazers and detritivores and ex-
cavators. Connectivity is accounting for 26.6% variation in
abundance levels of grazers and detritivores and 20.4% for
excavators (Table 2). The best-fit models for corallivores and
primary piscivores included only SST and chlorophyll a and
connectivity explained less than 10% of deviance (Table 2).
However, connectivity can still be considered an important
driver of their abundances as the difference in AICc val-
ues between models with and without connectivity is minor
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Figure 6. Relationship between the abundance of corallivores with (a) mean sea surface temperature, and (b) mean chlorophyll a. The best-fit functions
are shown with 95% confidence interval in grey and standard errors of both a partial effect combined with the model intercept. The x-axis shows the

amount of data points, and the y-axis was shifted to include the intercept.
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Figure 7. Relationship between the abundance of primary piscivores with (a) mean sea surface temperature, and (b) mean chlorophyll a. The best-fit
functions are shown with 95% confidence interval in grey and standard errors of both a partial effect combined with the model intercept. The x-axis
shows the amount of data points, and the y-axis was shifted to include the intercept.

(A AICc <12). Interestingly, different trophic groups were
found to have different relationships with oceanographic con-
nectivity. This may in part be due to different movement
patterns and habitat confidentiality (Roberts and Ormond
1992, Green et al. 2015, Mayorga-Adame et al. 2017, Roberts
etal. 2021). Grazer and detritivore and excavator abundances
peaked at medium connectivity levels. Hence, sites with in-
termediate connectivity can play a larger role in supporting
grazers and detritivores and excavators than ones with high
levels of connectivity. This may suggest that population size
for species within these trophic groups is driven by repro-
duction and larvae dispersal at a local scale. This is consis-
tent with findings of limited home ranges for herbivorous
reef fish (Mumby and Wabnitz 2002, Welsh and Bellwood

2014) but contradicts the idea of herbivores as linking or-
ganisms between habitats (Nystrom et al. 2008). High con-
nectivity can also come with side effects, such as stronger
wave exposure or increased pollutant dispersal, which may
have adverse impacts on population sizes (Hughes et al.
2010, Mayorga-Adame et al. 2017). The sharp abundance in-
crease at very low connectivity for grazers and detritivores
could be due to statistical issues (e.g. overfitting—see below)
(Wood 2008, Marra and Wood 2011, Wood et al. 2016).
While a range of smooth functions and model fits were com-
pared, the amount of available data can result in such pat-
terns and limits the model interpretations to large-scale dy-
namics (Wood et al. 2013, 2016, Wood 2017, Yates et al.
2018).
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Grazers and detritivores exhibit patterns of increased abun-
dance with higher temperatures and higher chlorophyll a lev-
els and a large drop in abundance after certain thresholds.
For excavators (parrotfishes) higher abundances were pre-
dicted with medium SST (27.5°C-28.2°C) and high chloro-
phyll a levels (0.8-1.0 mg/m?3). It is known that reef fish abun-
dances are negatively impacted by increasing SST above a
certain threshold, although fish are more resilient to temper-
ature anomalies than corals when reef structural complex-
ity is maintained (Lloyd et al. 2012, Graham et al. 2015,
Brandl et al. 2019). All trophic group models show abun-
dance increasing with higher chlorophyll @ up until 1 mg/m?3
with further increases for grazers and detritivores and coralli-
vores. This is consistent with a previous study (Samoilys et al.
2019) and supports evidence that fish species in the WIO
might have adapted to changes in SST or chlorophyll a due
to monsoon seasons (Kaunda-Arara et al. 2009, Marshall et
al. 2014, Mayorga-Adame et al. 2017). As chlorophyll a is
used as a proxy for nutrient levels in seawater, it is not sur-
prising that higher productivity along the east African coast
results in higher fish abundance due to higher food availabil-
ity (Williams et al. 2015, Samoilys et al. 2019). This trend
has also been shown for higher fish biomass across the Pa-
cific (Williams et al. 2015). However, there are still draw-
backs in the algorithms of sensors and performance of re-
motely sensed chlorophyll a data in ultra-oligotrophic, eu-
trophic, and optically-complex waters, limiting the conclu-
sions that can be drawn from these data (Williams et al. 20135,
Zheng and DiGiacomo 2017, Sathyendranath et al. 2019,
Lahiri and Vissa 2022). Corallivores may not be as impacted
by connectivity due to their shorter PLDs, limited home ranges
mostly under 1384.9 m?, and territorial behaviour (Booth
and Parkinson 2011, Mayorga-Adame et al. 2017, Roberts et
al. 2021, Takagi et al. 2023). However, their abundances de-
crease with higher temperatures confirming their dependency
on live coral for food (Roberts and Ormond 1992, Stuart-
Smith et al. 2021). Primary piscivores (largely groupers) are
the most sensitive group to fishing and hence can be used as
an indicator for fishing impacts (Hussey et al. 2014). The mod-
els show a non-linear relationship with temperature with pre-
dicted abundance peaks at lower temperatures compared to
the other groups suggesting higher temperature susceptibility
of piscivores or of their prey (Clark et al. 2017, Stuart-Smith
et al. 2021). Piscivore abundances were not significantly in-
fluenced by connectivity, which supports the notion that these
bigger fish with larger home ranges travel further and hence,
the number of connections of their reef habitats to other reefs
through ocean currents is less critical (Mayorga-Adame et al.
2017).

Our mean SST data has a range from 26.78°C to 29.28°C.
For equatorial regions, this is considered large and rising tem-
peratures above 28°C will alter future trophic fish commu-
nities through habitat degradation and decreased metabolic
or swimming capabilities of adult fishes (Johansen and Jones
2011, Stuart-Smith et al. 2021, Samoilys et al. 2022). Further,
higher temperatures will accelerate fish larval development
shortening dispersal durations and thus, altering fish abun-
dance and distribution patterns (Johansen and Jones 2011,
Alvarez-Noriega et al. 2020). Local and seasonal upwelling
patterns affect remotely sensed SST data, which often over-
estimate temperatures in coastal regions (Ramanantsoa et al.
2018, Meneghesso et al. 2020, Lahiri and Vissa 2022, Spring
and Williams 2023). Hence, our model predictions are less
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suited for local contexts but focus on large-scale impacts of
SST on fish abundances (Samoilys et al. 2019, 2022, Hochberg
et al. 2020, Obura et al. 2021). Chlorophyll a levels ranged in
our study from 0.4 to 1.2 mg/m? and high levels can indicate
reduced water quality (Feng and Hu 2016). Since in-situ data
are costly across large spatial and temporal scales, we used
remotely sensed ocean colour chlorophyll a data for our stan-
dardized fore reef sites across the WIO (Samoilys et al. 2019,
2022,Hochberg et al. 2020, Keighan et al. 2023). Remote data
quality is consistent with less turbidity at fore reefs and ocean
colour technologies capture temporal and spatial variations
better than other methods (Gohin et al. 2008, Samoilys et al.
2019, Lahiri and Vissa 2022). Positive relationships of fish lar-
vae with chlorophyll a have been reported before in a Kenyan
field study and this might change if chlorophyll a levels alter
with ocean warming (Kaunda-Arara et al. 2009, Benyounes et
al. 2017). This could be investigated with future work linking
abundance patterns with climate projections. Trophic groups
in our study followed this trend for fish abundance, with the
exception of piscivores which showed a weak negative trend
for chlorophyll a (Williams et al. 2015, Samoilys et al. 2019).

The statistical modelling presented here gives insight into
how trophic group abundances are impacted by environmen-
tal variables and oceanographic connectivity. The results show
some clear trends that connectivity is an important driver for
herbivorous reef fish, alongside SST and chlorophyll a concen-
trations across the WIO. Including reef characteristics, such as
wave exposure, structural complexity, self-recruitment, fish-
ing pressure, and in-situ measurements of environmental data
may help to expand our modelling study and further explain
variation in species abundances in future. We aim to develop
the connectivity metric further to capture more fine-scale pat-
terns using higher resolution models or smaller boxes with less
overlap around fish sites. Since PLDs are predicted to decrease
with climate change leading to a reduction in larvae dispersal
distances we could test for different PLDs and other larvae
characteristics such as mortality and settlement competency
in future (Treml et al. 2015, Gamoyo et al. 2019, Alvarez-
Noriega et al. 2020). The limitations of statistical connectiv-
ity modelling can be overcome to some extent with validation
from other approaches such as genetic markers and develop-
ments in biophysical modelling (Mertens et al. 2018, Vaz et
al. 2022, Wilcox et al. 2023). Despite testing different num-
bers of smooth functions (k) and selecting this final number
of functions based on a stable model fit, AICc values, k-index
values, and visual diagnostics plots, there is a potential excess
of non-linearity with using the smooth functions (Wood 2008,
Marra and Wood 2011, Wood et al. 2016, Yates et al. 2018).
This could lead to an overestimation of the model fit to data
when there are a limited number of observations (Wood et al.
2016, Yates et al. 2018). Small sample sizes can influence both
the statistical fitting and biological interpretation of GAMs
(Wood et al. 2016, Wood 2017, Yates et al. 2018). It is impor-
tant to note that statistical limitations such as overfitting with
these sorts of models are a potential bias and we are cautious
about making strong ecological inferences given the low sam-
ples sizes (Marra and Wood 2011, Wood et al. 2016, Yates
et al. 2018). However, since our main conclusions draw on
large-scale patterns and environmental drivers of fish abun-
dance, these interpretations are not affected by sample size
(Marra and Wood 2011, Wood et al. 2016, Yates et al. 2018,
Samoilys et al. 2019). Limiting the number of smooth func-
tions might lead to clearer ecological relationships but could
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oversimplify complex dynamics (Yates et al. 2018). Further
research and data is needed to make small-scale, ecological
predictions.

In summary, by using a proportional oceanographic con-
nectivity metric and incorporating this into ecological mod-
elling we show that connectivity plays a role in driving abun-
dances of herbivorous trophic fish groups. Herbivorous fish
are an extremely important trophic group for reef resilience
because of their role in algae control on reefs (Fox and Bell-
wood 2013, Heenan and Williams 2013, Brandl et al. 2019).
Therefore, ideally oceanographic connectivity should be con-
sidered in reef management, such as MPA planning, to in-
crease reef resilience, and our proportional oceanographic
connectivity metric is one proven way to do this. This is espe-
cially critical in the WIO, which is under high anthropogenic
pressure and is predicted to undergo annual bleaching on most
coral reefs by 2064 even under optimistic RCP4.5 scenarios
(van Hooidonk 2020, Obura et al. 2021). Consideration of
connectivity in MPA design, for instance, to protect the most
important source reefs, would help build reef resilience to
these threats by aiding reef recovery through larvae dispersal.

Acknowledgements

We thank the following data providers: CORDIO East
Africa, Mombasa, Kenya and National Oceanography Cen-
tre, Southampton, UK. We are also grateful for the assis-
tance with environmental data by James Mbugua and valu-
able feedback by Dr Michelle Jackson and Dr Gwilym Row-
lands. This work used the NEMO ocean general circulation
model (https://www.nemo-ocean.eu/) and the ARCHER UK
National Supercomputing Service (http://www.archer.ac.uk)
for high-resolution simulations of this model. The Lagrangian
analysis was carried out using the computational tool ARI-
ANE developed by B. Blanke and N. Grima.

Author contributions

Laura M. Warmuth (Conceptualization [lead], Data curation
[equal], Formal analysis [lead], Methodology [lead], Project
administration [lead], Software [equal], Visualization [equal],
Writing — original draft [lead], Writing — review & editing
[lead]), Stephen Kelly (Data curation [equal], Formal analy-
sis [supporting], Investigation [equal], Methodology [support-
ing], Software [equal], Visualization [equal], Writing — origi-
nal draft [supporting], Writing — review & editing [support-
ing]), Melita A. Samoilys (Data curation [equal], Investiga-
tion [equal], Visualization [equal], Writing — review & editing
[supporting]), Ekaterina Popova (Data curation [equal], In-
vestigation [equal], Writing — review & editing [supporting]),
Catherine E. 1. Head (Conceptualization [supporting], Writ-
ing — review & editing [supporting]), and Michael B. Bon-
sall (Conceptualization [supporting], Formal analysis [sup-
porting], Methodology [supporting], Project administration
[supporting], Writing — review & editing [supporting])

Supplementary data

Supplementary data is available at ICES Journal of Marine
Science online.

Conflict of interest: All authors declare that they have no con-
flicts of interest.

1793

Funding

This work was supported by the Sustainable Oceans, Liveli-
hoods, and food Security Through Increased Capacity in
Ecosystem research in the Western Indian Ocean (SOLSTICE-
WIO) Programme (https:/solstice-wio.org), a collaborative
project funded through the UK Global Challenges Research
Fund (GCRF) under NERC grant NE/P021050/1. The mod-
elling tools and approaches were supported by the UK GCRF
project SOLSTICE-WIO and the Addressing Challenges of
Coastal Communities through Ocean Research for Develop-
ing Economies (ACCORD) project (https:/projects.noc.ac.uk
/accord/) as part of a UK National Capability, Official De-
velopment Assistance (NC-ODA) award under NERC grant
NE/R000123/1. Laura M. Warmuth acknowledges additional
funding through a Doctoral Training Partnership in Environ-
mental Research from the University of Oxford under NERC
grant NE/S007474/1. Catherine E. I. Head acknowledges ad-
ditional funding by the Bertarelli Foundation as part of the
Bertarelli Programme in Marine Science.

Data availability

The data and code underlying this article are available in Zen-
odo, at https://doi.org/10.5281/zenodo0.8111570.

References

Akaike H. A bayesian analysis of the minimum AIC procedure. In: E
Parzen, K Tanabe, G Kitagawa (eds.), Selected Papers of Hirotugu
Akaike. New York, NY: Springer, 1998, 275-80.

Alvarez-Noriega M, Burgess SC, Byers JE et al. Global bio-
geography of marine dispersal potential. Nat Ecol Evol 2020;4:
1196-203.

Balbar AC, Metaxas A. The current application of ecological connec-
tivity in the design of marine protected areas. Global Eco Conserv
2019;17:e00569. https://doi.org/10.1016/j.gecc0.2019.e00569

Barnes-Mauthe M, Oleson KLL, Zafindrasilivonona B. The total eco-
nomic value of small-scale fisheries with a characterization of post-
landing trends: an application in Madagascar with global relevance.
Fish Res 2013;147:175-85. https://doi.org/10.1016/j.fishres.2013.
05.011

Beaulieu C, Henson SA, Sarmiento JL et al. Factors challenging
our ability to detect long-term trends in ocean chlorophyll. Bio-
geosciences 2013;10:2711-24. https://doi.org/10.5194/bg-10-2711
-2013

Bellwood DR, Streit RP, Brandl SJ ez al. The meaning of the term ‘“func-
tion’ in ecology: a coral reef perspective. Funct Ecol 2019;33:948—
61. https://doi.org/10.1111/1365-2435.13265

Benyounes A, Berraho A, Falcini F et al. Assessing the impact of tem-
perature and chlorophyll variations on the fluctuations of sardine
abundance in Al-Hoceima (South Alboran Sea). | Mar Sci Res Dev
201757:239.

Biastoch A, Sein D, Durgadoo JV et al. Simulating the Agulhas system
in global ocean models — nesting vs. multi-resolution unstructured
meshes. Ocean Modell 2018;121:117-31. https://doi.org/10.1016/
j.ocemod.2017.12.002

Blanke B, Raynaud S. Kinematics of the Pacific equatorial Undercur-
rent: an eulerian and lagrangian approach from GCM results. |
Phys Oceanogr, 1997;27:1038-53. https://doi.org/10.1175/1520-0
485(1997)027%3c1038:KOTPEU%3¢2.0.CO;2

Booth D], Parkinson K. Pelagic larval duration is similar across 23° of
latitude for two species of butterflyfish (Chaetodontidae) in eastern
Australia. Coral Reefs, 2011;30:1071-5. https://doi.org/10.1007/s0
0338-011-0815-6

Botsford LW, White JW, Coffroth M-A ef al. Connectivity and
resilience of coral reef metapopulations in marine protected

Gz0z Aenuer 9| uo Jasn Aselqi AejueH Aq €001.282/S8/ 1/6/1.8/8191e/swilseol/woo dno-olwapeoe//:sdiy Wwoll papeojumMoc]


https://www.nemo-ocean.eu/
http://www.archer.ac.uk
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae125#supplementary-data
https://solstice-wio.org
https://projects.noc.ac.uk/accord/
https://doi.org/10.5281/zenodo.8111570
https://doi.org/10.1016/j.gecco.2019.e00569
https://doi.org/10.1016/j.fishres.2013.05.011
https://doi.org/10.5194/bg-10-2711-2013
https://doi.org/10.1111/1365-2435.13265
https://doi.org/10.1016/j.ocemod.2017.12.002
https://doi.org/10.1175/1520-0485(1997)027%3c1038:KOTPEU%3e2.0.CO;2
https://doi.org/10.1007/s00338-011-0815-6

1794

areas: matching empirical efforts to predictive needs. Coral Reefs
2009;28:327-37. https://doi.org/10.1007/s00338-009-0466-z

Brandl SJ, Rasher DB, Coté IM et al. Coral reef ecosystem functioning:
eight core processes and the role of biodiversity. Front Ecol Environ
2019;17:445-54. https://doi.org/10.1002/fee.2088

Brodeau L, Barnier B, Treguier A-M et al. An ERA40-based atmo-
spheric forcing for global ocean circulation models. Ocean Modell
2010;31:88-104. https://doi.org/10.1016/j.0cemod.2009.10.005

Chen J, Zhang M, Cui T et al. A review of some important technical
problems in respect of satellite remote sensing of chlorophyll-a con-
centration in coastal waters. IEEE | Sel Top Appl Earth Obs Remote
Sensing 2013;6:2275-89. https://doi.org/10.1109/JSTARS.2013.22
42845

Clark TD, Messmer V, Tobin AJ et al. Rising temperatures may drive
fishing-induced selection of low-performance phenotypes. Sci Rep
2017;7:40571. https://doi.org/10.1038/srep40571

Coleman MA, Cetina-Heredia P, Roughan M et al. Anticipating
changes to future connectivity within a network of marine protected
areas. Global Change Biol 2017;23:3533-42. https://doi.org/10.111
1/gcb.13634

Cowen RK, Paris CB, Srinivasan A. Scaling of connectivity in marine
populations. Science 2006;311:522-7. https://doi.org/10.1126/scie
nce.1122039

Crochelet E, Roberts J, Lagabrielle E et al. A model-based assessment
of reef larvae dispersal in the Western Indian Ocean reveals regional
connectivity patterns — potential implications for conservation poli-
cies. Regional Stud Mar Sci 2016;7:159-67. https://doi.org/10.101
6/j.rsma.2016.06.007

Dhame S, Taschetto AS, Santoso A et al. Indian Ocean warm-
ing modulates global atmospheric circulation trends. Clim Dyn
2020;55:2053-73. https://doi.org/10.1007/s00382-020-05369-1

Feng L, Hu C. Comparison of valid ocean observations between
MODIS Terra and Aqua over the global oceans. IEEE Trans Geosci
Remote Sens 2016;54:1575-85. https://doi.org/10.1109/TGRS.201
5.2483500

Figueiredo J, Thomas CJ, Deleersnijder E et al. Global warming de-
creases connectivity among coral populations. Nat Clim Change
2022;12:83-7. https://doi.org/10.1038/s41558-021-01248-7

Fox R]J, Bellwood DR. Niche partitioning of feeding microhabitats pro-
duces a unique function for herbivorous rabbitfishes (Perciformes,
Siganidae) on coral reefs. Coral Reefs 2013;32:13-23. https://doi.or
2/10.1007/s00338-012-0945-5

Gamoyo M, Obura D, Reason CJC. Estimating connectivity through
larval dispersal in the Western Indian Ocean. | Geophys Res
Biogeosci 2019;124:2446-59. https://doi.org/10.1029/2019JGO0
5128

Gennip SJv, Popova EE, Yool A et al. Going with the flow: the role
of ocean circulation in global marine ecosystems under a changing
climate. Global Change Biol 2017;23:2602-17. https://doi.org/10.1
111/gch. 13586

Gohin F, Saulquin B, Oger-Jeanneret H et al. Towards a bet-
ter assessment of the ecological status of coastal waters using
satellite-derived chlorophyll-a concentrations. Remote Sens Environ
2008;112:3329-40. https://doi.org/10.1016/j.rse.2008.02.014

Graham NAJ, Jennings S, MacNeil MA et al. Predicting climate-
driven regime shifts versus rebound potential in coral reefs. Nature
2015;518:94-7. https://doi.org/10.1038/nature14140

Green AL, Maypa AP, Almany GR et al. Larval dispersal and move-
ment patterns of coral reef fishes, and implications for marine re-
serve network design. Biol Rev 2015;90:1215-47. https://doi.org/
10.1111/brv.12155

Hattam C, Evans L, Morrissey K ez al. Building resilience in practice
to support coral communities in the Western Indian Ocean. Environ
Sci Policy 2020;106:182-90.

Heenan A, Williams ID. Monitoring herbivorous fishes as indicators of
coral reef resilience in American Samoa. PLoS One 2013;8:e79604.
Public Library of Science. https://doi.org/10.1371/journal.pone.007
9604

Hidalgo M, Rossi V, Monroy P et al. Accounting for ocean con-
nectivity and hydroclimate in fish recruitment fluctuations within

Warmuth et al.

transboundary metapopulations. Ecol Appl 2019;29:¢01913. https:
//doi.org/10.1002/eap.1913

Hochberg EJ, Peltier SA, Maritorena S. Trends and variabil-
ity in spectral diffuse attenuation of coral reef waters. Coral
Reefs 2020;39:1377-89. https://doi.org/10.1007/s00338-020-019
71-1

Holt J, Icarus Allen J, Anderson TR et al. Challenges in integrative ap-
proaches to modelling the marine ecosystems of the North Atlantic:
physics to fish and coasts to ocean. Prog Oceanogr 2014;129:285—
313. https://doi.org/10.1016/j.pocean.2014.04.024

Hughes TP, Graham NA]J, Jackson JBC ef al. Rising to the chal-
lenge of sustaining coral reef resilience. Trends Ecol Evol 2010;25:
633-42.

Hughes TP, Kerry JT, Alvarez-Noriega M et al. Global warming and
recurrent mass bleaching of corals. Nature 2017;543:373-7. https:
/ldoi.org/10.1038/nature21707

Hussey NE, MacNeil MA, McMeans BC ez al. Rescaling the trophic
structure of marine food webs. Ecol Lett 2014;17:239-50. https:
/ldoi.org/10.1111/ele.12226

IPCC. The Ocean and Cryosphere in a Changing Climate: Special Re-
port of the Intergovernmental Panel on Climate Change. Cambridge:
Cambridge University Press, 2022.

Johansen JL, Jones GP. Increasing ocean temperature reduces the
metabolic performance and swimming ability of coral reef dam-
selfishes. Global Change Biol 2011;17:2971-9. https://doi.org/10.1
111/3.1365-2486.2011.02436.x

Jonsson BF, Watson JR. The timescales of global surface-ocean con-
nectivity. Nat Commun 2016;7:11239. https://doi.org/10.1038/nc
omms11239

Kaunda-Arara B, Mwaluma JM, Locham GA et al. Temporal vari-
ability in fish larval supply to Malindi Marine Park, coastal Kenya.
Aquatic Conserv Mar Freshwater Ecosyst 2009;19:510-8. https:
/ldoi.org/10.1002/aqc.1038

Keighan R, van Woesik R, Yalon A et al. Moderate chlorophyll-a envi-
ronments reduce coral bleaching during thermal stress in Yap, Mi-
cronesia. Sci Rep 2023;13:9338. https://doi.org/10.1038/s41598-0
23-36355-2

Kulbicki M. Increase in pelagic larval duration and geographical range
for reef fish along an oceanic gradient. Vie et Milieu 2015;65:1-9.

Lahiri SP, Vissa NK. Assessment of Indian Ocean upwelling changes
and its relationship with the Indian monsoon. Global Planet
Change 2022;208:103729. https://doi.org/10.1016/j.gloplacha.20
21.103729

Lester SE, Ruttenberg BI. The relationship between pelagic larval dura-
tion and range size in tropical reef fishes: a synthetic analysis. Proc
R Soc B Biol Sci 2005;272:585-91. https://doi.org/10.1098/rspb.2
004.2985

Lloyd P, Plaganyi EE, Weeks SJ et al. Ocean warming alters species
abundance patterns and increases species diversity in an African sub-
tropical reef-fish community. Fisher Oceanogr 2012;21:78-94. http
s://doi.org/10.1111/j.1365-2419.2011.00610.x

Madec G. NEMO Ocean Engine (Draft edition r5171). France: Note
du Pole de modélisation, Institut Pierre-Simon Laplace (IPSL),2014,
1288-619.

Magris RA, Treml EA, Pressey RL et al. Integrating multiple species
connectivity and habitat quality into conservation planning for coral
reefs. Ecography 2016;39:649-64. https://doi.org/10.1111/ecog.0
1507

Marra G, Wood SN. Practical variable selection for generalized additive
models. Comput Stat Data Anal 2011;55:2372-87.

Marshell A, Mumby PJ. Revisiting the functional roles of the
surgeonfish Acanthurus nigrofuscus and Ctenochaetus striatus.
Coral Reefs 2012;31:1093-101. https://doi.org/10.1007/s00338-0
12-0931-y

Marshall CE, Glegg GA, Howell KL. Species distribution modelling
to support marine conservation planning: the next steps. Mar Policy
2014;45:330-2. https://doi.org/10.1016/j. marpol.2013.09.003

Mayorga-Adame CG, Batchelder HP, Spitz YH. Modeling larval con-
nectivity of coral reef organisms in the Kenya-Tanzania region. Front
Mar Sci 2017;4.

Gz0z Aenuer 9| uo Jasn Aselqi AejueH Aq €001.282/S8/ 1/6/1.8/8191e/swilseol/woo dno-olwapeoe//:sdiy Wwoll papeojumMoc]


https://doi.org/10.1007/s00338-009-0466-z
https://doi.org/10.1002/fee.2088
https://doi.org/10.1016/j.ocemod.2009.10.005
https://doi.org/10.1109/JSTARS.2013.2242845
https://doi.org/10.1038/srep40571
https://doi.org/10.1111/gcb.13634
https://doi.org/10.1126/science.1122039
https://doi.org/10.1016/j.rsma.2016.06.007
https://doi.org/10.1007/s00382-020-05369-1
https://doi.org/10.1109/TGRS.2015.2483500
https://doi.org/10.1038/s41558-021-01248-7
https://doi.org/10.1007/s00338-012-0945-5
https://doi.org/10.1029/2019JG005128
https://doi.org/10.1111/gcb.13586
https://doi.org/10.1016/j.rse.2008.02.014
https://doi.org/10.1038/nature14140
https://doi.org/10.1111/brv.12155
https://doi.org/10.1371/journal.pone.0079604
https://doi.org/10.1002/eap.1913
https://doi.org/10.1007/s00338-020-01971-1
https://doi.org/10.1016/j.pocean.2014.04.024
https://doi.org/10.1038/nature21707
https://doi.org/10.1111/ele.12226
https://doi.org/10.1111/j.1365-2486.2011.02436.x
https://doi.org/10.1038/ncomms11239
https://doi.org/10.1002/aqc.1038
https://doi.org/10.1038/s41598-023-36355-2
https://doi.org/10.1016/j.gloplacha.2021.103729
https://doi.org/10.1098/rspb.2004.2985
https://doi.org/10.1111/j.1365-2419.2011.00610.x
https://doi.org/10.1111/ecog.01507
https://doi.org/10.1007/s00338-012-0931-y
https://doi.org/10.1016/j.marpol.2013.09.003

Coral reef fish abundance in the Western Indian Ocean

McMahon KW, Berumen ML, Thorrold SR. Linking habitat mo-
saics and connectivity in a coral reef seascape. Proc Natl Acad Sci
2012;109:15372-6. https://doi.org/10.1073/pnas. 1206378109

McManus LC, Forrest DL, Tekwa EW et al. Evolution and con-
nectivity influence the persistence and recovery of coral reefs un-
der climate change in the Caribbean, Southwest Pacific, and Coral
Triangle. Global Change Biol 2021;27:4307-21. https://doi.org/10
1111/gcb.15725

Meneghesso C, Seabra R, Broitman BR et al. Remotely-sensed L4 SST
underestimates the thermal fingerprint of coastal upwelling. Remote
Sens Environ 2020;237:111588. https://doi.org/10.1016/j.rse.2019
111588

Mertens LEA, Treml EA, von der Heyden S. Genetic and biophysical
models help define marine conservation focus areas. Front Mar Sci
2018:5.

Mumby PJ, Wabnitz CCC. Spatial patterns of aggression, territory size,
and harem size in five sympatric Caribbean parrotfish species. En-
viron Biol Fishes 2002;63:265-79. https://doi.org/10.1023/A:1014
359403167

Nystrom M, Graham NA]J, Lokrantz J et al. Capturing the corner-
stones of coral reef resilience: linking theory to practice. Coral Reefs
2008;27:795-809. https://doi.org/10.1007/s00338-008-0426-z

Obura D, Gudka M, Samoilys M et al. Vulnerability to collapse of
coral reef ecosystems in the Western Indian Ocean. Nat Sustain
2021;5:104-13.

Pineda J, Hare JA, Sponaugle S. Larval transport and dispersal in
the Coastal Ocean and consequences for population connectivity.
Oceanography 2007;20:22-39. https://doi.org/10.5670/oceanog.20
07.27

Popova E, Vousden D, Sauer WHH et al. Ecological connectivity be-
tween the areas beyond national jurisdiction and coastal waters:
safeguarding interests of coastal communities in developing coun-
tries. Mar Policy 2019;104:90-102. https://doi.org/10.1016/j.marp
01.2019.02.050

R Development Core Team. R: a Language and Environment for Statis-
tical Computing. Vienna, Austria. 2018. https://www.R-project.org/

Ramanantsoa JD, Krug M, Penven P et al. Coastal upwelling
south of Madagascar: temporal and spatial variability. ] Mar Syst
2018;178:29-37. https://doi.org/10.1016/j.jmarsys.2017.10.005

Roberts CM, Ormond RFG. Butterflyfish social behaviour, with special
reference to the incidence of territoriality: a review. Environ Biol
Fishes 1992;34:79-93. https://doi.org/10.1007/BF00004786

Roberts KE, Cook CN, Beher J ez al. Assessing the current state of eco-
logical connectivity in a large marine protected area system. Conserv
Biol 2021;35:699-710. https://doi.org/10.1111/cobi. 13580

Roche RC, Williams GJ, Turner JR. Towards developing a mecha-
nistic understanding of coral reef resilience to thermal stress across
multiple scales. Current Climate Change Reports 2018;4:51-64.
https://doi.org/10.1007/s40641-018-0087-0

Samoilys M, Alvarez-Filip L, Myers R et al. Diversity of Coral Reef
Fishes in the Western Indian Ocean: Implications for Conservation.
Diversity 2022;14:102.

Samoilys MA, Halford A, Osuka K. Disentangling drivers of the abun-
dance of coral reef fishes in the Western Indian Ocean. Ecol Evol
2019;9:4149-67. https://doi.org/10.1002/ece3.5044

Sathyendranath S, Brewin RJW, Brockmann C ef al. An ocean-colour
time series for use in climate studies: the experience of the Ocean-
colour climate change initiative (OC-CCI). Sensors 2019;19:4285.
https://doi.org/10.3390/s19194285

Sheppard CE, Williams GJ, Exton DA et al. Co-occurrence of her-
bivorous fish functional groups correlates with enhanced coral reef
benthic state. Global Ecol Biogeogr 2023;32:435-49.

Sing Wong A, Vrontos S, Taylor ML. An assessment of people living by
coral reefs over space and time. Global Change Biol 2022;28:7139—
53. https://doi.org/10.1111/gcb.16391

1795

Spring DL, Williams GJ. Influence of upwelling on coral reef benthic
communities: a systematic review and meta-analysis. Proc R Soc
B Biol Sci 2023;290:20230023. https://doi.org/10.1098/rspb.2023.
0023

Stuart-Smith RD, Mellin C, Bates AE er al. Habitat loss and range
shifts contribute to ecological generalization among reef fishes. Nat
Ecol Evol 2021;5:656-62.

Sudre F, Hernindez-Carrasco I, Mazoyer C et al. An ocean front
dataset for the Mediterranean sea and southwest Indian ocean. Sci
Data 2023;10:730. https://doi.org/10.1038/s41597-023-02615-z

Takagi J, Fujioka K, Asai S et al. Homing of a butterflyfish in the tem-
perate western Pacific Ocean. Environ Biol Fishes 2023;106:1907-
13. https://doi.org/10.1007/s10641-023-01469-z

Treml EA, Ford JR, Black KP ez al. Identifying the key biophysical
drivers, connectivity outcomes, and metapopulation consequences
of larval dispersal in the sea. Movement Ecol 2015;3:17. https://do
1.0rg/10.1186/s40462-015-0045-6

UNEP-WCMC, WorldFish Centre, WRI, TNC. Global Distribution of
Warm-water Coral Reefs, Compiled from Multiple Sources Includ-
ing the Millennium Coral Reef Mapping Project. Version 4.1. In-
cludes contributions from IMaRS-USF and IRD (2005), IMaRS-USF
(2005) and Spalding et al. (2001). Cambridge: UN Environment
World Conservation Monitoring Centre, 2021.

van Hooidonk R. Projections of future coral bleaching conditions us-
ing IPCC CMIP6 models: climate policy implications, management
applications, and regional seas summaries. 2020.

Vaz AC, Karnauskas M, Paris CB et al. Exploitation drives changes
in the population connectivity of Queen Conch (Aliger gigas). Front
Mar Sci 2022;9.

Victor B, Wellington G. Endemism and the pelagic larval duration
of reef fishes in the eastern Pacific Ocean. Mar Ecol Progr Ser
2000;205:241-8. https://doi.org/10.3354/meps205241

Virtanen EA, Moilanen A, Viitasalo M. Marine connectivity in spatial
conservation planning: analogues from the terrestrial realm. Land-
scape Ecology 2020;35:1021-34. https://doi.org/10.1007/s10980-0
20-00997-8

Welsh JQ, Bellwood DR. Herbivorous fishes, ecosystem function and
mobile links on coral reefs. Coral Reefs 2014;33:303-11. https://do
1.org/10.1007/s00338-014-1124-7

Wilcox MA, Jeffery NW, DiBacco C et al. Integrating seascape resis-
tances and gene flow to produce area-based metrics of functional
connectivity for marine conservation planning. Landscape Ecol
2023;38:2189-205. https://doi.org/10.1007/s10980-023-01690-2

Williams ID, Baum JK, Heenan A et al. Human, oceanographic and
habitat drivers of Central and Western Pacific coral reef fish assem-
blages. PLOS ONE 2015;10:¢0120516. Public Library of Science.

Wood SN. Stable and efficient multiple smoothing parameter estimation
for generalized additive models. ] Am Statist Assoc 2004;99:673-86.
Taylor & Francis.

Wood SN. Fast stable direct fitting and smoothness selection for gen-
eralized additive models. | R Statist Soc Ser B Statist Methodol
2008;70:495-518.

Wood SN. Generalized Additive Models: An Introduction with R, Sec-
ond Edition. New York: Chapman and Hall/CRC, 2017, 496.

Wood SN, Pya N, Sifken B. Smoothing parameter and model selection
for general smooth models. ] Am Statist Assoc 2016;111:1548-63.

Wood SN, Scheipl F, Faraway JJ. Straightforward intermediate
rank tensor product smoothing in mixed models. Statist Comput
2013;23:341-60.

Yates KL, Bouchet PJ, Caley M]J et al. Outstanding challenges in the
transferability of ecological models. Trends Ecol Evol 2018;33:790-
802.

Zheng G, DiGiacomo PM. Uncertainties and applications of
satellite-derived coastal water quality products. Prog Oceanogr
2017;159:45-72. https://doi.org/10.1016/j.pocean.2017.08.007

Handling Editor: Manuel Hidalgo

© The Author(s) 2024. Published by Oxford University Press on behalf of International Council for the Exploration of the Sea. This is an Open Access article distributed under the terms of the

Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work

is properly cited.

Gz0z Aenuer 9| uo Jasn Aselqi AejueH Aq €001.282/S8/ 1/6/1.8/8191e/swilseol/woo dno-olwapeoe//:sdiy Wwoll papeojumMoc]


https://doi.org/10.1073/pnas.1206378109
https://doi.org/10.1111/gcb.15725
https://doi.org/10.1016/j.rse.2019.111588
https://doi.org/10.1023/A:1014359403167
https://doi.org/10.1007/s00338-008-0426-z
https://doi.org/10.5670/oceanog.2007.27
https://doi.org/10.1016/j.marpol.2019.02.050
https://www.R-project.org/
https://doi.org/10.1016/j.jmarsys.2017.10.005
https://doi.org/10.1007/BF00004786
https://doi.org/10.1111/cobi.13580
https://doi.org/10.1007/s40641-018-0087-0
https://doi.org/10.1002/ece3.5044
https://doi.org/10.3390/s19194285
https://doi.org/10.1111/gcb.16391
https://doi.org/10.1098/rspb.2023.0023
https://doi.org/10.1038/s41597-023-02615-z
https://doi.org/10.1007/s10641-023-01469-z
https://doi.org/10.1186/s40462-015-0045-6
https://doi.org/10.3354/meps205241
https://doi.org/10.1007/s10980-020-00997-8
https://doi.org/10.1007/s00338-014-1124-7
https://doi.org/10.1007/s10980-023-01690-2
https://doi.org/10.1016/j.pocean.2017.08.007
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Methods
	Results
	Discussion
	Acknowledgements
	Author contributions
	Supplementary data
	Funding
	Data availability
	References

