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Text S1: Larval dispersal component of SECoW

The larval dispersal component of SECoW assumes that coral larvae physically behave as positively buoyant, otherwise passive
particles, which are advected by surface currents for 120 days after spawning, using a fourth-order explicit Runge-Kutta scheme
in OceanParcels. Coral larvae are weak swimmers compared to horizontal ocean currents (Kingsford et al., 2002; Hata et al.,
2017) but the vertical position of coral larvae in the water column is more challenging to constrain. Although newly fertilised
coral eggs are generally positively buoyant (Szmant and Meadows, 2006), larvae tend to lose buoyancy as they develop (Harii
and Kayanne, 2003; Szmant and Meadows, 2006). However, the swimming speed of coral larvae can be significant compared
to vertical velocities in the ocean (Hata et al., 2017), facilitating some measure of control over their vertical position in the
water column. Under controlled conditions, some coral larvae move downwards towards settlement tiles after days to weeks
(Szmant and Meadows, 2006; Tay et al., 2011) whereas others have been observed to actively swim upwards towards the light,
with no dependency on larval age (Mulla et al., 2021). Regardless, little is known about the vertical positioning of coral larvae
in the open ocean so, for practical reasons (the excessive storage requirements of storing high-frequency 3D velocity fields for
such a high-resolution domain, and the experimental flexibility offered by an offline particle tracking approach), in this study
we assumed that they remain near the ocean surface. We did not use a parameterisation for sub-grid scale processes, as it is not
clear that a simple random walk parameterisation would result in any meaningful improvement at the relatively high resolution
and short connectivity timescales used in this study (Okubo, 1971; van Sebille et al., 2018; Reijnders et al., 2022). Using a
stochastic parameterisation would also require an additional (and arbitrary) parameterisation to prevent particles from entering
land cells, and any uncertainty introduced by not resolving sub-grid scale processes is likely small compared to the biological
uncertainties described above.

We released particles from every c. 2x2 km reef cell on the WINDS grid, based on an upscaled reef cover map derived
from satellite imagery (Li et al., 2020). The resulting reef cover is likely higher than the actual coral cover (and clearly higher
than the coral cover for any one species), but we choose this approach to broaden the applicability of our results, as taking
subsets from the full dataset is straightforward. The Li et al. (2020) reef map is provided at a significantly higher resolution
than WINDS, so some reefs are identified by the WINDS land-sea mask as being on land. In these cases, we redistributed

the ‘land’ reef area onto the nearest ocean cells to conserve the total reef area (in rare cases, this results in an apparent reef
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cover >100%), resulting in 8088 reef cells across the WINDS domain. We released N = 1024 (32x32) particles per reef cell,
arranged in a regular grid, and simulated daily spawning events at midnight from 1 January 1993 to 31 December 2019, for a
total of 9861 domain-wide spawning events, with c. 8.3x10° particles seeded per event.

Each particle represents a large number of coral larvae, assumed to have an initial separation small enough such that they
do not disperse significantly relative to one another. In the present study, we assumed a constant coral fecundity per unit area
per day, p. The computation of larval fluxes between cells necessitates a value for p, which we set to p=1 larva m—2 d—!,
but this value does not affect any patterns or trends in this study as long as it is constant. In reality, coral fecundity is certainly
not constant (e.g. Hartmann et al., 2018), but this is a necessary approximation for now, as no maps of coral fecundity exist
spanning the southwest Indian Ocean. Therefore, each particle released in cell i represents L) = pA; /N larvae at spawning,
where A; is the reef cover of cell 4 for the purpose of this study.

Following Connolly and Baird (2010), we assumed that the coral larvae represented by each particle are split across three
larval reservoirs: a pre-competent reservoir L, a competent reservoir Lo, and a post-competent or dead larval reservoir L.

The pre-competent and competent reservoirs evolve through time according to the following differential equations:

dLy

dt’ =—a" (t/)Ll (tl) - Nm(t/)Ll(t/) (1)
dL
i = 0 ()L () = BLa(t') = () La(t') = B () L () ?
0 ¢ <t
o*(t') =
(0% t/ Z tc

Where o* is a competency acquisition rate (d~'), 3 is a competency loss rate (d~ 1), i, is a mortality rate (d~1), p, is
a settling rate (d~1), and F, is the fraction of a WINDS cell area covered by reef. The parameter a* is equal to 0 before a
larva has reached its minimum competency period t. (d), and « thereafter. The settling term p5 F,.(t) L2(¢) was not present in
the original formulation of Connolly and Baird (2010). Since SECoW cannot provide any physical insight into the position
of a particle below the WINDS grid resolution (c. 2km), we assumed that the particle is equally likely to be anywhere in
the reef cell it currently occupies for the purpose of this biological parameterisation. The settling rate is therefore equal to a
fixed settling rate p, assuming 100% reef coverage, multiplied by the actual proportion of the reef cell covered by reef. In
this study, we set j1; = 1 d—1, assuming settling times on the order of a day (Tay et al., 2011). However, we also carried out
tests with g = 0.5 d~! and p, =2 d~! (see Supplementary Tables 1 — 2), and this primarily affects the absolute number of
settling larvae rather than temporal variability. In contrast to assumptions of instantaneous settling (e.g. Holstein et al., 2016;
Figueiredo et al., 2022) or use of a Lagrangian Probability Density Function (LPDF, see Mitarai et al. (2009) and applications
in Uchiyama et al. (2018); Thompson et al. (2018)), our method accounts for the capacity of upstream reefs to reduce the larval
supply to downstream reefs (contrary to the LPDF), whilst sensibly handling sub-grid scale reef coverage and allowing for the

possibility of a larva passing over a reef without settling (Hata et al., 2017).



60

65

70

75

80

Text S2: Offline computation of coral larval fluxes

We could solve equations 1 and 2 directly by numerically integrating them, either ‘online’ during particle tracking, or ‘of-
fline’ after regularly saving particle positions. However, these methods have some significant disadvantages. Integrating these
quantities online would require all parameters in equations 1 and 2 to be set before particle tracking. This would limit the
applicability of simulation results, since they would have to be rerun for any new sets of parameters. Regularly saving particle
positions would require a very high output frequency to integrate equations 1 and 2 without considerable error, which would
involve enormous storage requirements. Instead, we can reconstruct the number of larvae settling within a ‘settlement event’

(defined as a larval particle remaining within a single cell with nonzero F7) by storing only three parameters per event:

— The cell ID (a 16-bit unsigned integer in our configuration, which is used as a key for dictionaries containing the reef

area and other parameters)
— The event start time-step (a 16-bit unsigned integer in our configuration)

— The event duration (a 16-bit unsigned integer in our configuration)

Integrating equation 1 with respect to ¢, letting Ly (t' = 0) = L, and defining the survival function s(/) = e~ Jo #m(7) 47 we
obtain
Lis(t) t<t
Ly(t) =" , ‘
Lis(te o=t 1/ > ¢,
Lo(t") is only nonzero for ¢ > t. and no settlement event can occur for ¢’ < t.. We therefore define ¢t = ¢’ — ¢, (i.e. the time

since the minimum competency period t.), and set ¢ > 0. Therefore:
Ly(t)=Lis(t+t.)e ™" 3)

Substituting (3) into (2) and solving the resulting differential equation, we obtain the following:
t
Lﬂo:uﬂ%qt+np*wew»ﬁﬂﬁﬂdf./szfwauﬁ*ﬂv”>ﬂ“df )
0
We now need to consider the fact that, within a particular settling event 7 = 1,2..., N lasting from Tg to Tg +ATI, FL.(t) = F?

is a constant. Therefore, for 7] <t < 7] 4+ A77:

J

t 70 t
/Fr(t*) dt* :/Fr(t*) dt*—i—/Fﬂ dt*
0 0 d
= @b+ Fl(t =) (5)
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where ¢f = [ g F,(t*) dt* and ¢}~" = 0. We will now define the outermost integral in (4) as I;(t), i.e.
t
L) = /et*(ﬁfa)eus Sty de & .
0
For 7, 3 <t< Tg +A77, we will split this integral into three sections: [0, Tgfl 4+ A1) (i.e. up until the end of the last settlement

event), [Tg Ly AL Tg ] (i.e. from the end of the last settlement event to the start of the current settlement event), and [787 t]:

‘rg71+A7_1
Ii(t) = / et (B gus o Frl(t™™) dt™" gy
0
o
+ / el (B s o Fr(77) At gy @)
7871+Aj*1
t
n / ot (B=0) giia Ji Fo(t™™) dt™ gy
3
For TO <t< To +A77, we firstly recognise that the first term is equal to I; T“ Al For the second term, the larval particle
is by definition not within a reef cell during the time bounds, i.e. F,. =0, so fo () dit* = (bé. Therefore, (7) evaluates to:
=I5 [ e g [ g
T(J].*lJrAJ'*l 'ré
s 3 s 3 — SFJ:Tj .
_ ITO Lpait el [et( a):| _ + etedotety ° {et(ﬁ—awsFﬂ]t _ (8)
B—Oé T871+A7j71 ﬁ—a{—usFﬂ 75
Whilst algebraically long-winded, I;(¢) is nevertheless now defined analytically. Therefore, substituting (5) and (6) into (4):
Lo(t) = aLis(t +to)e Pte s (56HFI=m0) . (1) 9)
Finally, from (2) the number of larvae settling during event j, N7, is given by:
dN} -
—2 = F) Lo(t 10
dt Hs r 2( ) ( )
Tg—‘,—ATj
NI = p F? / Ly(t) dt (11)

Therefore, to compute N7, we will use the following steps:

LA

1. Retrieve (;5] and I; T‘] both of which were computed in the previous step. Note that both are 0 for 7 = 1.

2. Retrieve F7 from the stored cell ID.



100 3. Integrate (11) numerically.
4. Store I; (73 + Ar7) for the next computation.
5. Store ¢} "' = ¢ + FJ A7 for the next computation.

For reference:
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We compute N7 using an explicit fourth-order Runge-Kutta (RK4) scheme. SECoW can use any number of RK4 steps to
integrate events, but we found minimal loss of accuracy (compared to direct numerical integration of equations 1-2) by using

a single RK4 step (Supplementary Figure 11). In this study, we use five RK4 steps as we had the available computational
capacity, but those interested in using SECoW for different biological parameters can use a single step, which generates very

115 similar results. A small number of larger errors can cause unphysical results (e.g. a source strength exceeding 1), but this
affects an extremely small number of events (2.4 x 10~° % for P daedalea, 2.0 x 10~5 % for P daedalea with a higher settling

rate, 2.5 X 1075 % for A valida, and zero for the others). This method of solving for N7 is considerably less computationally
expensive (~ 24 hours, parallelised across 27 processes [one per year] on the JASMIN HPC for a single RK4 step per event)

than explicitly integrating equations 1 and 2. We store a maximum of 60 events per particle, which captures almost all non-

120 negligible settlement events.
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Text S3: Postprocessing of larval fluxes

At source cell 7, we release n particles per spawning event. We assume that coral fecundity p is directly proportional to reef area,
with units larvae m~2. Therefore, the number of larvae initially represented by a single particle generated during a spawning

event at source cell 7 is
0 = pAi/n (12)

where A; is the reef area of cell 4 in m?, and n is the number of particles released at i (1024). The dispersal script generates a
list of settlement events E; = (4, ], k, Nl), where each settlement event is associated with a source cell ¢, sink cell j, spawning
time k, and generalised larval settlement flux NV, L, where N, l'is computed from equations 11 and 12, and assuming that p = 1.

In the absence of any better constraints, we assume that p = 1 for our analyses, and therefore set N! = pN. = N L

We will now define the larval flux, Fj;i, as the total number of larvae spawning at source cell or group ¢ (at time k) and
settling at sink cell or group j:

l
Fijk=) {Ni|ij.k} (13)
Note that since F' is computed using a simple summation, ¢ and j in this expression can instead refer to source and sink groups

(this is not the case for earlier expressions)!.
Source strength

We define the raw source strength of site 4, S;;,, as the total number of larvae settling anywhere, given that each larva originated
from source cell or group ¢ at time k:

l

J
=> Fii (14)

We define the source strength of site i, S;k, as the fraction of larvae settling anywhere, given that each larva originated from
source cell or group ¢ at time k:

Sik
Sik = oA, (15)

ISince we have over 8,000 coral reef cells and over 10,000 release days in our simulation, the full F' matrices at cell-level would contain around 660 X 109
entries. Computing and storing these full ' matrices at cell-level would therefore either require the use of sparse matrix objects, or chunked file writing. At
present, the postprocessing scripts used in this study require around 600 core-hours on the JASMIN HPC for the entire 1993-2020 dataset. This is orders of
magnitude less than the particle-tracking scripts, but it is still considerable. The use of sparse matrices or chunked file writing would add to the computational
expense of postprocessing, and we have therefore not attempted it in this study. As a result, we only compute the F' matrices at group level. We can, however,

compute source strength at a cell level.
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where pA; is the total number of larvae generated at source cell or group 7 at time k. This quantity is useful as it represents the

likelihood of a larva generated at a source site settling anywhere. Note that A; refers to the reef surface area of the group if i

refers to a group.

Text S4: Data analysis

As described in the main text, to investigate physical drivers of source strength, we split reefs into 6 groups. We precisely

define these groups as the following:

1.

2.

6.

Reefs influenced by the East African Coastal Current, specifically all reefs in Tanzania, Kenya, and Somalia (/V = 1822)

All reefs in Mozambique, excluding St. Lazarus Bank (N = 995)

. All reefs in Madagascar (N = 1695)

. Remote islands and reefs near the rapid Northeast Madagascar Current, specifically the Comoro islands, St. Lazarus

Bank, Banc du Geyser, the Glorioso Islands, and the Aldabra and Farquhar Groups of Seychelles (N = 980)

. Other remote islands, specifically the rest of Seychelles, remaining French scattered islands, Mauritius, and the Maldives

(N =1036)

The Chagos Archipelago (N = 1560)

The seven explanatory variables used to explain geographic variability in source strength were calculated as follows:

1.

Mean surface current speed (m s~!): the time-mean speed based on the daily mean velocity from 1993-2020, thereby

averaging out sub-daily current variability.

. Mean surface high-frequency current speed (m s~1), based on the daily mean velocity from 1993-2020, with a high-pass

filter to remove frequencies below 1/30 d~1.

Mean surface sub-daily current speed (m s~ 1), based on the half-hourly mean velocity from 2016-2020, with a high-pass

filter to remove frequencies below 1/30 h=1.

Nearby reef fraction (unitless), quantified as the reef fraction filtered by a 2D Gaussian kernel, with a standard deviation
equal to the mean surface current speed at the cell multiplied by the minimum competency period ¢. (roughly equal to

the distance a larva may travel before its first chance of attaining competency).

Weighted connection distance (km), quantified as the average great-circle distance between a source cell and all of
its downstream connections, weighted by the larval flux associated with each connection; in other words, the average

great-circle distance a larva travels before settling.

. Distance to land (km), quantified as the great-circle distance from the grid cell centre (p point) to the nearest coast (u/v

point), identified by a Euclidean distance transform.



7. Mean source strength (unitless), quantified as the time-mean source strength for a cell from 1993-2019.
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Supplementary Figure 1. Proportion of larvae alive and competent as a function of time, for Goniastrea retiformis (used in the main text)

and four other coral species (see supplementary materials). Note that the minimum allowed competency period is set to 1 day in this study,

contrary to the original form in Connolly and Baird (2010).
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Supplementary Figure 3. Example of flow around Zanzibar and Pemba (February 2015), showing a number of flow reversals and deflections

around capes and headlands, and correspondence with source strength autocorrelation.
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Supplementary Figure 9. (Backward) cumulated multistep implicit connectivity (CMIC) over 10 generations for 100 randomly chosen
connections (which have nonzero connectivity for at least 1% of spawning events), i.e. similar to Figure 9 in the main text. Connections for
each generation are selected based on a random time-slice during the northwest monsoon, and this is repeated 1000 times to obtain 1000

CMIC realisations. The teal bars show the 5*-95%" percentiles across the 1000 realisations, and the white points represent the median. The

black points represent the CMIC obtained from the time-mean potential connectivity matrix.
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Supplementary Figure 10. Mean flux over 10 generations (median: red points) and 100 generations (median: white points) for 100 randomly
chosen connections (which have nonzero connectivity for at least 1% of spawning events). Connections for each generation are selected based
on a random time-slice during the northwest monsoon, and this is repeated 1000 times to obtain 1000 realisations. The teal bars show the
5*.95h percentiles across the 1000 realisations for 10 generations (thin bars) and 100 generations (thick bars). The black points represent
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Supplementary Animations
Supplementary Animation 1

Outbound connections from the Tanga reef group (see Figure 2(c)) in 2019, as a function of the spawning day. Connections
are represented by circles at the centre of destination reef groups, and are shaded and sized depending on the number of larvae
settling at that reef group from a particular spawning event (e.g. the state on 1/1/2019 gives the distribution of larval destinations

from the spawning event on 1/1/2019, but the settling events took place over a range of days).

Supplementary Animation 2

Outbound connections from the Mahé NE reef group (see Figure 2(b)) in 2019, as a function of the spawning day.
Supplementary Animation 3

Outbound connections from the Rémire reef group (see Figure 2(c)) in 2019, as a function of the spawning day.
Supplementary Animation 4

Outbound connections from the Bassas da India reef group in 2019, as a function of the spawning day.
Supplementary Animation 5

Larval plume from spawning events in January 2019 (northwest monsoon) in NW Madagascar. Cells are shaded by the density
of competent larvae (following Acropora millepora parameters, see Supplementary Table 1). Note the limited cross-shore

transport and strong larval retention.
Supplementary Animation 6

Larval plume from spawning events in July 2019 (northwest monsoon) in NW Madagascar. Cells are shaded by the density of
competent larvae (following Acropora millepora parameters, see Supplementary Table 1). Note the considerable cross-shore

transport and weak larval retention.
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Supplementary Tables

Species Code a*@d @Y t.@ Ad™hH v o ps (d7h)
A millepora AM 0.18 0.050 3.239 0.043 0.57 0.0 1.0%
A valida AV 0.22 0.031 1.0% 0.019 0.46 0.0 1.0%
A gemmifera AG 0.39 0.145 3.471 0.067 1.0 0.0 1.0%
G retiformis GR 0.58 0.096 1.0% 0.087 1.0 0.0 1.0%
P daedalea PD 0.39 0.099 2.937 0.060 0.72 0.0 1.0%
P daedalea (fast) PDf 0.39 0.099 2.937 0.060 0.72 0.0 2.0%
P daedalea (slow) PDs 0.39 0.099 2.937 0.060 0.72 0.0 0.5*

Table 1. Biological parameters used for larval competency, mortality and settling in this study (see Section and Connolly and Baird (2010)).
An asterisk indicates that the parameter used is not identical to Connolly and Baird (2010). For the minimum competency period ¢, this is
due to the minimum of 1 day imposed by SECoW. For the settling rate s, this is because settling rate was not included in the model of

Connolly and Baird (2010).
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Metric AM AV AG GR PD PDf PDs

r1a at Tanga 0.87 0.89 0.85 0.84 0.86 0.88 0.85

r1a at Mah’e NE 0.60 0.64 0.60 0.65 0.61 0.62 0.60

r1q at Rémire Island 0.24 0.26 0.24 0.27 0.24 0.28 0.22

99t pct. autocorrelation 7 (d) 13.7 14.8 9.2 8.2 9.9 9.9 10.0

Top 714 predictor (EACC) WCD WCD WCD WCD WCD WCD WCD
Top 714 predictor (Mozambique) WCD WCD Land dist.  Land dist. ~ Land dist. ~ Land dist. =~ WCD
Top 714 predictor (Madagascar) Land dist. ~ Landdist.  Land dist. Landdist. ~ Land dist.  Landdist. =~ Land dist.
Top 714 predictor NEMC) Speed Speed WCD WCD WCD WCD WCD
Top 714 predictor (Other islands) HF Speed  HF Speed =~ WCD WCD WCD WCD WCD
Top 714 predictor (Chagos) SD Speed  SD Speed =~ NRF NRF NRF SD Speed  NRF
Monthly source strength explained 26.6% 29.3% 24.8% 28.8% 25.6% 26.0% 25.2%
by mean seasonal cycle (all)

Monthly source strength explained 67.2% 70.5% 62.9% 64.2% 65.0% 64.8% 64.2%
by mean seasonal cycle (East Africa)

Monthly source strength variance 29.3% 31.1% 25.8% 30.9% 26.9% 26.2% 27.3%
explained by PC1

Monthly source strength variance 12.1% 11.7% 11.8% 10.9% 11.7% 11.3% 12.1%
explained by PC2

% of spawning events accounting for  13.6% 17.7% 12.2% 17.4% 13.3% 14.4% 12.5%
half of settling larvae (median)

% of spawning events accounting for  4.4% 6.7% 3.4% 5.1% 4.0% 4.4% 3.6%
half of settling larvae (upper decile)

Reefs with <1% of spawning events 26 10 113 10 47 26 76
accounting for half of settling larvae

Annual source strength corr. within-  0.55-0.88 0.57-0.89 0.58-0.88 0.59-0.90 0.58-0.89 0.59-0.89 0.57-0.88
dividual months (R?)

NW monsoon source strength corr.  0.69-0.92 0.71-0.93 0.76-0.94 0.78-0.95 0.75-0.94 0.75-0.94 0.75-0.94

with individual months (R?)

Table 2. Comparison of several example metrics from the main text across the seven sets of biological parameters described in Table 1.

Entries for 1-day lagged source strength autocorrelation predictors are as follows: WCD (weighted connection distance), Land dist. (distance

to land), Speed (mean speed), HF Speed (mean speed in 1/30-1 d~* frequency range), SD Speed (mean speed in < 1/30 h™! frequency

range), NRF (nearby reef fraction).
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