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Fig. S1. Maximum heat stress during the 2015 marine heatwave. Map of the Hawaiian Islands showing the
maximum Degree Heating Weeks (i.e., heat stress) experienced during the 2015 marine heatwave. Anything above 8
Degree Heating Weeks is expected to cause severe coral mortality'. The green dashed line encompasses the study
region. Data shown are from NOAA’s Coral Reef Watch 5 km Coral Temp version 3.1 data set
(https://coralreefwatch.noaa.gov/product/Skm/).
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Table S1. Table of local land-sea human impacts and environmental factors included in analysis. See Local land-sea human impacts and environmental factors section
below for detailed information on calculating each impact or factor, including data collection methods, data sources and ancillary data sets, and specific tools or software utilized.

Impact or
Factor

Fish
Biomass

Human
Population

Wastewater
Pollution

Nutrient
Input

Urban
Runoff

Sediment
Input

Rainfall

Wave
Exposure

Phytoplankt
on Biomass

SST

Heat Stress

Trradiance

Fisheries
Gear

Depth

Metric

Total Biomass,
Herbivores,
Grazers, Browsers,
Scrapers

Population
Density

Total Effluent

Total Nitrogen

Impervious
Surfaces

Sediment

Annual & Peak
Rainfall

Wave Power

Chlorophyll-a

Summertime SST
Mean & Standard
Deviation

Degree Heating
Week

Photosynthetically
Active Radiation

Gear Rank

Depth

Units

kg/ha

people/15
km radius

gallons/ha

kg/ha

m?/ha

kg/ha

m’/ha

kW/m

mg/m’

°C

°C-weeks

Einstein/m%/
d

Categorical

Meters

Spatial
Resolution

25 m

1 km

100 m

100 m

100 m

100 m

100 m

50 m

750 m & 4
km

5 km

5 km

750 m

NA

NA

Tempor
al
Resoluti
on

1-6
surveys/
site/year

Annual

Annual

Annual

Annual

Annual

Annual

Hourly

Daily &
8-day

Daily

Daily

Daily

NA

NA

Temporal
Range
2003 —-2019
2000 -2019
2000 -2019
2000 -2019
2000 -2019
2000 -2019
2000 -2019
2000 -2019
2002 -2014
2000 -2019
2000 -2018
2015-2019
2000 -2019
2003 -2019

Data Source

See Supplemental
Material

NASA GPWv4

Modified from
Whittier & El Kadi,
2014

See Supplemental
Material

See Supplemental
Material

See Supplemental
Material

Longman et al., 2018
& 2020; See
Supplemental
Material

See Supplemental
Material

NOAA'’s Coral Reef
Watch) & Wedding
& Lecky et al., (2018)

NOAA'’s Coral Reef
Watch

NOAA'’s Coral Reef
Watch

VIIRS; NOAA’s
Coral Reef Watch

See Supplemental
Material

Reef Surveys

Justification

Abundant reef fish populations support reef-scale ecosystem functions such as
predation and nutrient release?. Herbivores fishes support ecosystem resilience and
mitigate the negative effects fleshy algae have on coral survival®.

Human population density is a widely used proxy for local human impacts*®.

High concentrations of toxins (e.g., endocrine disruptors, pathogenic bacteria and
viruses, pharmaceuticals, and heavy metals) are found in wastewater pollution’. These
toxins can drive a higher incidence of coral disease, reduced coral growth and
reproduction, increased cover of fleshy seaweeds, and increased coral bleaching and
subsequent mortality®.

Human-derived nutrient input can promote rapid algal growth,
outcompeting corals and disrupting ecosystem function’.

Runoff can deliver a broad spectrum of land-based contaminants (e.g., heavy metals
and household chemicals) that degrades nearshore water quality, with cascading effects
on coral health'?, including the natural defence abilities of corals and increase the
likelihood of mortality from heat stress'".

Sediment input can impede the photosynthetic capacity of corals and reduce growth by
burying coral colonies'.

Large pulses of freshwater from storm events can cause localized die-off of nearshore
corals, fish, and other reef-associated organisms'2. Rain evens can also mobilize high
levels of nutrients, sediment, and land-based debris that impact nearshore water quality
and coral reef health"?.

Gradients in wave forcing and associated flow produce varying levels of disturbance
that can play a major role in determining coral reef community patterns'*'¢,

Chlorophyll-a is a widely used indicator for changes in phytoplankton production'” that
propagates through the food-web'®. Corals can supplement nutritional requirements
through heterotrophic feeding on zooplankton'®. High levels of chlorophyll-a are also
an indicator of poor water quality that can negative outcomes for corals'".

The mean and variability in summertime ocean temperature is a widely used metric for
coral reef resilience’.

Degree heating week is the accumulation of heat stress above the coral bleaching
threshold over a 12-week period as is the dominant metric in coral reef research to
quantify heat stress on corals (e.g.,>°).

Excessive irradiance can cause light stress that exacerbates coral bleaching?'?>

We use allowable fishing gear as a metric to represent spatial fisheries management®.

Deeper reefs have been shown to be less impacted by heat stress compared to those
located in shallower depths®*%3,



77  Table S2. Summary of generalized additive mixed effects models (GAMM) relating coral response to the 2015
78  marine heatwave with local land-sea human impacts and environmental factors. The top three candidate models are
79 shown. AICc, Akaike’s information criterion corrected for small sample size; AAICc, change in AICc across the

80 candidate models (AAICc < 2 of the top model are shown); Adjusted R2, proportion of variation explained by
81 candidate model.

82
Significant Land-Sea and Log Likelihood AICe | Aalce | Adiwted
Model 1. Total Fish Biomass, Grazer
Biomass, Phytoplankton Biomass, -209.39 458.78 0 0.86
Urban Runoff, Sediment Input
Model 2. Total Fish Biomass, Grazer
Biomass, Scraper Biomass, Urban -209.90 459.79 1.01 0.86
Runoff, Sediment Input, Depth
Model 3. Total Fish Biomass, Grazer
Biomass, Urban Runoff, Sediment -210.23 460.46 1.68 0.86
Input, Human Population

83

84

85

86 Table S3. Relative importance of predictor variables across all GAMM models in Table S2, defined as the sum of
87  AICc model weights across all models containing each predictor.

88
Land-Sea and Environmental Factors | Importance
Sediment Input 0.999
Urban Runoff 0.999
Total Fish Biomass 0.985
Depth 0.962
Grazer Biomass 0.919
Phytoplankton Biomass 0.330
Scraper Biomass 0.217
Human Population 0.138
Sea Surface Temperature Variability 0.090
Wave Power 0.067
Browser Biomass 0.065
Wastewater Effluent 0.051
Nutrient Loading 0.047
Fisheries Gear 0.038
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Table S4. Summary of ordinal logistic regression (OLR) models relating the per cent cover of reef-builders (hard
coral + crustose coralline algae) four years following the 2015 marine heatwave to local land-sea human impacts and
environmental factors. AICc, Akaike’s information criterion corrected for small sample size; AAICc, change in
AICc across the candidate models (AAICc < 2 of the top model are shown); McFadden’s pseudo-R?, proportion of
variation explained by candidate model (0.2 — 0.4 represent an excellent fit*®). Significant predictors at p < 0.05 are

underlined.
Model Output AICc | AAICc R;l)zfsggj;s
. Scraper Urban Sediment .
_ Predictors Biomass Runoff Tnput Irradiance
>
§ Coefficients 0.6672 -0.6401 0.1855 -0.0458 95.38 0 0.28
p value 0.0585 0.1074 0.6312 0.8992
Predictors Scraper Wastewater Urban Sediment
~ Biomass Pollution Runoff Input
'q'; Coefficients 0.8063 -0.9341 -0.7673 0.9285 95.96 0.58 0.28
=
p value 0.0168 0.0381 0.0560 0.0593
. Scraper Wastewater Sediment .
" Predictors Biomass Pollution Input Irradiance
'q'; Coefficients 0.8031 -0.5648 0.2417 0.0903 97.31 1.93 0.27
=
p value 0.0227 0.1451 0.5476 0.7881
. Scraper Sediment Peak .
< Predictors Biomass Input Rainfall Irradiance
5}
2 | Coefficients 0.6541 -0.3584 0.4014 -0.0023 97.34 1.96 0.26
=
p value 0.0625 0.3483 0.3483 0.9948
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Supplementary Methods

Coral Reef Fish and Benthic Surveys
Coral reef fish and benthic surveys were conducted between 2003 and 2019 by three separate monitoring
programs. The protocols for each program are as follows.

State of Hawai ‘i Division of Aquatic Resources — Surveys of fish biomass and benthic cover were
conducted at a total of 23 sites across West Hawai‘i beginning in 2003. One site was added in 2005 along
with another in 2007. At each site, four separate 25 m x 4 m belt transects were demarcated via stainless
steel eye-bolts affixed to the substrate to ensure that the same swath of reef was resampled during each
subsequent survey. The four transects were arrayed in the alongshore direction in an “H” pattern with two
deeper and two shallower transects along the reef shelf. Each transect was separated from all others by
approximately 10 m.

Fish surveys were conducted at all sites four times per year, nominally during the months of May, July,
September, and November. During each visit, two teams of two divers surveyed all four transects in a
single dive (two transects per team). Before beginning the survey, divers extended nylon lines along the
full 25 m lengths of the transects. Surveyors then completed one ‘high swim’, traversing the full transect
length while identifying, counting, and sizing all highly mobile species within the transect area. Divers
then turned around and completed a ‘low swim’, identifying, enumerating, and sizing all remaining
species, which tend to be those that are more cryptic or benthic-associated. Fishes were sized according to
a binned scheme wherein fishes with total length (TL) <25 cm were assigned a letter corresponding to a 5
cm bin (A=0.1-5cm, B=5.1-10 cm, ..., E=20.1-25 cm). TL for fishes > 25c¢m were rounded to the
nearest 5 cm starting at 30 cm. Along each pass, divers swam pairwise along the transect such that each
was responsible for a separate 25 m x 2 m belt. Data from individual divers were summed together to
yield estimates for a full 25 m x 4 m belt.

Benthic surveys were conducted in 2003, 2007, 2011, 2014, 2016, and 2017. At each site, the transects
were set up in the same manner as for fish surveys. A benthic camera operator then collected
photoquadrats using an Olympus camera with a 0.75 m monopod attached in order to keep a consistent
elevation above the benthos. Photoquadrats were collected at every m mark along all four transects
starting at 0 m. Thus, each transect had a total of 26 images for a total of 104 images per site. Photos were
analysed post-dive via either Photogrid (2003) or Coral Point Count with Excel extensions (CPCe; 2007-
2017). For the photo analysis process, 20 points were randomly overlaid on each image and the benthic
cover was annotated for each point to the lowest possible taxonomic rank.

National Park Service — A split panel design was used with 30, 25 m x 5 m belt transects in the Kaloko-
Honokohau National Park. Transect locations were randomly selected using ArcGIS® and included all
fore-reef slope, hard bottom communities between 10 and 20 m depths within the park’s legislated
boundaries. This depth range was selected for ecological and dive safety reasons. Fifteen fixed
(permanent) transects were randomly selected at the onset of the monitoring program in 2007 and marked
with stainless steel pins for relocation purposes. These sites were subsequently re-sampled each year. The
remaining 15 transect locations were randomly selected each year of monitoring and sampled only once
(temporary). Sampling was typically conducted from September - November. Only the fixed sites are
used in this analysis for the years 2014, 2016, 2017, 2018, and 2019. All fish and benthic data collection
were co-located and co-visited at each of the sites using the same SCUBA dive team.

Fish surveys were conducted at each permanently marked site with a 25 m transect positioned typically

parallel to shore along a constant depth contour. One fish observer identified, enumerated, and estimated
the TL (to the nearest cm) of all fishes encountered along the distance of the transect from the bottom to
the surface in the 5 m belt. The location, bearing, survey date, and depth of transects were recorded after
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each dive. To minimise observer bias, sizing calibration dives were conducted using fish models of
known size at the beginning of each field season. Observer crossover training was done using two
observers side by side when possible.

Benthic surveys were conducted by a diver that followed the fish observer and photographed the substrate
at 1-m intervals along the 25 m transect at a perpendicular height of 0.5 m above the substrate. Post hoc
image analysis of the photoquadrats was conducted using Photogrid® software (or other suitable software
such as CPCe) with 50 randomly selected points per quadrat image. Per cent cover was tabulated (by
lowest possible taxon, preferably species) for coral, macroinvertebrates, and other benthic substrate types
(e.g., crustose coralline algae, turf algae, fleshy macroalgae, or sand).

The Nature Conservancy — Coral reef monitoring surveys were designed and conducted to assess reef
resilience along West Hawai‘i*’. A total of twenty monitoring locations were identified and selected in
consultation with the State of Hawai‘i Division of Aquatic Resources. Most locations were spaced
approximately ~2.5 kilometres apart except for survey locations at Honokohau and Keauhou. All
locations had a shallow (5 — 7 m) and deep (12 — 15 m) monitoring site, totalling 40 sites. Surveys
predominantly occurred in October 2015, 2016, 2018, and 2019. Because the 2015 surveys were
performed during the marine heatwave, coral bleaching was widespread and severe. For our analysis, no
distinction was made between bleached and un-bleached corals (all included in estimates of coral cover)
in our assessment of pre-disturbance benthic cover. All sites except Honokdhau were marked with
permanent stainless-steel eyebolts beginning in 2016. Site photos, field notes, and compass bearings
collected in 2015 were used to align installation of transect markers.

Fish surveys (25 m x 5 m belt transects) were collected while slowly deploying parallel 25 m transect
lines. Each diver identified, enumerated, and estimated the sizes into 5 cm bins (i.e., 0 - 5 cm, >5 - 10
cm, > 10 - 15 cm, etc.) all fishes within or passing through a 5 m belt. All fish surveys were conducted by
trained divers to reduce surveyor variability.

Benthic surveys were conducted along each 25 m fish survey transect by photographing the bottom every
m using a Canon Powershot camera or equivalent. The camera was mounted on a 0.8 m PVC monopod to
ensure consistent elevation above the benthos. At total of 25 images for each survey site were collected,
with each photo covering approximately 0.8 m x 0.6 m of the bottom. A 5 cm scale bar marked in 1 cm
increments was included in all photographs. Twenty randomly-selected photographs from each transect
were analysed to estimate the per cent cover of coral, algae, and other benthic organisms. As needed,
selected photographs were imported into Adobe Photoshop CS5 where their colour, contrast, and tone
were auto-balanced to improve photo quality prior to analysis. Photos were analysed using CoralNet?®.
Thirty random points were overlaid on each photograph, and the benthic component under each point was
identified to the lowest possible taxonomic level. All photographs were processed by the same analyst to
reduce potential observer variability. Once completed, the raw point data from each photograph was
combined to calculate the per cent cover of each benthic component for the survey site.

Statistical Analyses

Coral reef trajectories pre-disturbance — We assessed the change in coral cover at 23 locations from 2003
to 2014 (Fig. 2). A reef was considered to have a positive trajectory or negative trajectory if coral cover
from the 2003 survey to the 2014 survey increased or decreased by greater than 3%, respectively (Fig.
2b). This cut off was based on the range in mean coral cover among all 23 reefs across the 12-year period
(min = 34.1%; max = 36.9%; range = 2.8%)).

We then quantified local human impacts and environmental factors at each reef as follows:
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e Human Population, Wastewater Pollution, Nutrient Loading, Urban Runoff, Annual Rainfall,
Peak Rainfall, SST Mean, SST Variability: mean of all data from 2000 — 2014. This time frame
spans 3 years prior to and inclusive of the coral reef benthic data.

e Phytoplankton Biomass and Irradiance: maximum monthly climatology®’.

Sediment and Wave Forcing: mean of the top five events from each year spanning 2000 — 2014.

e Depth and fishing gear restrictions were assigned to each reef surveyed and did not change over
this time frame (2003 — 2014).

¢ Fish Biomass metrics: mean of all surveys for each year from 2003 — 2014.

Per cent difference in local human impacts and environmental factors between reefs that had positive
trajectories versus negative trajectories were then calculated with drop-one jackknife values (using
Jjackknife in Matlab) for each impact or factor (Fig. 2¢). The per cent difference was quantified by taking
the ratio of the mean in drop-one jackknife values between positive and negative trajectory reefs
(sensu’®). Upper and lower bars were calculated as the maximum and minimum differences in jackknife
means between positive and negative trajectory reefs. Per cent difference was determined as either
positive, negative, or no difference based on a cut off of 0 + 2 standard deviations from the median
difference among all factors, calculated using bootstrap with replacement (10,000 iterations).

Coral response to the 2015 Marine Heatwave — Our goal was to assess the local land-sea human impacts
and environmental factors that best explained changes in coral cover as a consequence of the 2015 marine
heatwave. We calculated the following predictors based on current literature and our hypotheses of the
principal factors that drive changes in coral cover owing to severe heat stress (Table S1).

e Human Population, Wastewater Pollution, Nutrient Loading, Urban Runoff, Annual Rainfall,

Peak Rainfall, Wave Power: mean of all data from 2012 — 2016. This time frame spans 3 years

prior to the marine heatwave through 1 year following, which is inclusive of the 2016 benthic

surveys.

Sediment: mean of the top 3 events from 2006 — 2016.

SST Mean and SST Variability: mean from 2000 — 2014.

Degree Heating Weeks: maximum value for 2015.

Phytoplankton Biomass and Irradiance: mean from June — November 2015, representing the time

inclusive of anomalous ocean temperatures during the Marine Heatwave.

e Depth and fishing gear restrictions were assigned to each reef surveyed and did not change over
this time frame (2015 —2016).

o Fish Biomass metrics: mean of all surveys from immediately before (2014 or 2015) and after
(2016) the marine heatwave.

Prior to model fitting, we transformed some predictors to down-weight the influence of values at the
extreme ends of their distributions, and calculated Pearson’s correlation coefficients among all predictors
(Fig. S2), removing one of each pair of highly correlated (» > 0.7) predictors. This resulted in the
following predictors being removed:

o Degree Heating Weeks (DWH) and the mean in sea surface temperature (SST Mean) owing to
their strong correlation (» = 0.78 and -0.93, respectively) with SST variability. Note that the entire
coastline experienced extremely high thermal stress (Fig. S1) with minimal differences in DHW
values (< 2) among sites.

e Annual Rainfall and Peak Rainfall owing to their strong positive correlation (» = 0.86 and 0.72,
respectively) with Sediment Input.

e Irradiance owing to the strong positive correlation (» = 0.85) with Phytoplankton Biomass.
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e Herbivore Biomass owing to the strong positive correlation with Grazer and Scraper Biomass (r =
0.80 and 0.73, respectively).

e Human Population and Urban Runoff were correlated and just above this threshold (» = 0.72) but
were retained in the model on account of our hypothesis that these predictors capture different
local human impacts (Table S1).

The remaining 14 predictors were used in the model fitting process: Total Fish Biomass, Browsers
Biomass, Grazer Fish Biomass, Scraper Fish Biomass, Human Population, Wastewater Pollution,
Nutrient Input, Urban Runoff, Sediment Input, Wave Forcing, SST Variability, Phytoplankton Biomass,
Fishing Gear, and Depth.

We fitted generalized additive mixed-effects models (GAMM) using the gamm4’ package for R (www.r-
project.org) to model coral cover change from 2014/2015 to 2016. We incorporated a random spatial
factor to account for the possible influence of a change in an underlying variable along the coastline not
quantified in this study. This was done by breaking the coastline up into discrete 10-km sections running
north to south. Section size was determined using hierarchical clustering based on pairwise Euclidean
distances between reefs and identifying an inflection point in the intra-group variance (sensu’'; Fig. S3).
We fitted GAMMs for all possible candidate models (unique combinations of the predictor variables, with
a limit of 6 predictors per model to reduce overfitting) using the UGamm wrapper function, in
combination with the dredge function in the MuMIn package®”. Non-linear smoothness in the models was
determined using penalized cubic regression splines, with the number of knots (limited to 4 to reduce
overfitting) spread evenly throughout each covariate. We used Akaike’s Information Criterion with a bias
correction for small sample sizes* (AICc) for model comparison and all models within AAICc < 2 of the
top model (AAICc = 0) are presented in Table S2. To visualize the effect of predictor terms on coral cover
change, we averaged the coefficients from the top models (AAICc < 2) to generate a predicted dataset and
set all other predictor terms to their median value. Finally, we calculated a measure of predictor variable
relative importance within each candidate model by calculating the sum of AICc model weights for each
predictor, i.e., the sum of model weights across all models containing each predictor. See Table S3 for
relative importance values for all 14 predictors used in the GAMM analysis.
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Predictor Variables

Fig. S2. Pearson correlation (r) coefficients for all predictor variables considered for the generalized additive mixed
effects modelling relating coral response to the 2015 marine heatwave to local land-sea human impacts and
environmental factors. Where » => 0.7 for any given pairwise comparison, one of the predictors was removed. We
chose the predictor that was considered more interpretable in driving variation in the response variable should it
come out as important in the top models. See Table S1 for summary information on local land-sea human impacts
and environmental factors included in analysis. See Supplementary Methods for detailed information on calculating
each impact or factor, including data collection methods, data sources and ancillary data sets, and specific tools or
software utilised.
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Fig. S3. Number of groupings
owing to changes in distance (km)
calculated from hierarchical
clustering using pairwise Euclidean
distances between reefs. The
number of unique groups showed a
rapid decline up to and over 10 km.
We therefore explored section sizes
of 10 — 30 km (in 5 km increments)
as the random factor in our GAMM
models. Regardless of section size,
the random factor remained non-
significant in all of our models.
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Coral reefs four years post-disturbance — Our goal in this analysis was to assess the local land-sea human
impacts and environmental factors that best explained variations in the cover of reef-building organisms
four years following the 2015 marine heatwave. The cover of reef-building organisms for reefs surveyed
in 2019 (N = 55) were parsed into three categories based on the following percentiles: Low, < 25™;
Moderate, > 25" & < 75™; High, > 75". The below predictors were included based on current literature
and our hypotheses of the principal factors that drive changes in reef-building cover across time and space
following a major thermal disturbance.

e Human Population, Wastewater Pollution, Nutrient Loading, Urban Runoff, Annual Rainfall,
Peak Rainfall, Wave Power, Phytoplankton Biomass, and Irradiance: mean of all data from 2016
—2019.

e Sediment: mean of top 3 events over the 2006 — 2019 time period

e SST Mean & SST Variability: mean of all data from 2000 — 2019.

Depth and fishing gear were assigned to each reef surveyed and did not change over this time
frame (2016 — 2019).
¢ Fish Biomass metrics: mean of all surveys from 2016 to 2019.

Prior to model fitting, we transformed some predictors to down-weight the influence of values at the
extreme ends of their distributions, and calculated Pearson’s correlation coefficients among all predictors
(Fig. S4), removing one of each pair of highly correlated (» > 0.7) predictors. This resulted in the
following predictors being removed:

e Human Population owing to its strong positive correlation (» = 0.84) with Urban Runoff
Phytoplankton Biomass and SST Variability owing to their strong negative correlation (» = -0.81
and -0.73, respectively) with Urban Runoff

e Annual Rainfall owing to the strong positive correlation (» = 0.91) with Peak Rainfall.

Herbivore Biomass and Browser Biomass owing to their strong positive correlation (» = 0.83 and
0.82, respectively) with Grazer Biomass.

The remaining 12 predictors were used in the model fitting process: Total Fish Biomass, Grazer Biomass,
Scraper Biomass, Wastewater Pollution, Nutrient Input, Urban Runoff, Peak Rainfall, Sediment Input,
Wave Forcing, Irradiance, Depth, and Fishing Gear. Please see the Local Land-Sea Human Impacts and
Environmental Factors section below for more details on how each predictor was derived.

We used ordinal logistic regression (OLR) to determine the probability of a given reef having High,
Moderate, or Low cover of reef-building organisms based on the 12 prevailing local land-sea human
impacts and environmental factors (see Table S1). Logit models are multivariate extensions of
generalized linear regression models that provide parameter estimates via maximum likelihood estimation
(MLE) to model the relative log odds of observing a reef-builder cover category or less versus observing
the remaining higher categories:

Py =)
n(Borsy) = G+ Bt + B

Here, i indexes each of N observations, with categories y;, and the left-hand side of the equation is the
logit of the probability of a reef-builder category of j or lower, for j = 1 (High) or 2 (Moderate). Reefs
with Low reef-builder cover contributed to the regression through calculation of the log odds. Each C; is
an MLE-computed model intercept, and each B is the MLE coefficient corresponding to each
standardized independent variable z;, for k=1, ..., n, where n is the number of predictors used in a given
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model. A fundamental component of this model is the assumption of proportional odds, or parallel
regression, which implies By values are independent of the logit level j. The validity of this parallel
regression assumption was ascertained using Brant’s Wald test*, as well as a likelihood ratio test (0. =
0.05).

Like the GAMMs, some predictors were transformed and highly collinear variables were removed prior
to model fitting. All possible candidate models were computed, with the total number of predictors in any
given candidate model limited to 4 to reduce overfitting. Models were computed using the multinomial
logistic regression function mnrfit in MATLAB. We used AICc for model comparison and all models
within AAICc < 2 of the top model (AAICc = 0) are presented in Table S4. We combined this model
selection procedure with an interpretation of the covariates to refine our model selection. Simply selecting
the model with the smallest AICc (i.e., top-ranking model) could result in a model with an equally
sufficient goodness of fit being ignored despite that model potentially containing parameter estimates that
are more consistent given the variability in the underlying data. McFadden’s pseudo-R? was computed for
the highest ranked models, and ranged from 0.26 to 0.28. Unlike traditional R* values, McFadden’s
pseudo-R? values of 0.2 — 0.4 represent an excellent fit?*. Models within AAIC. <2 of Model 1 in Table S4
demonstrated comparable levels of goodness of fit and parsimony” . However, many of the parameter
coefficients within these models (including Model 1) were very sensitive to the data and their estimates
did not differ significantly from zero (p < 0.05). These probabilities were computed using a normal
distribution and we compared this outcome to using a Student’s #-test to compute the p values, setting the
parameter ‘EstDisp’ equal to ‘on’ in the mnrfit function. The results remained largely the same and using
both approaches Models 2 and 3 were the only models in Table S4 to contain parameters with coefficient
estimates significantly different from zero, namely Scraper Biomass and Wastewater Pollution. We
therefore examined changes in the probability of a given reef having High, Moderate, or Low reef-
building cover based on variations in these two land-sea predictors (Fig. 4). Probability curves for High,
Moderate, and Low were calculated based on changing Scraper Biomass and Wastewater Pollution and
holding all other predictors at their mean.
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Predictor Variables
Fig. S4. Pearson correlation () coefficients for all predictor variables considered for the ordinal logistic regression
(OLR) relating the percentage cover of reef-builders (hard coral + crustose coralline algae) four years following the
2015 marine heatwave to local land-sea human impacts and environmental factors. Where » => 0.7 for any given
pairwise comparison, one of the predictors was removed. We chose the predictor that was considered more
interpretable in driving variation in the response variable should it come out as important in the top models. See
Table S1 for summary information on local land-sea human impacts and environmental factors included in analysis.
See Supplementary Methods for detailed information on calculating each impact or factor, including data collection
methods, data sources and ancillary data sets, and specific tools or software utilised.

Geospatial Analysis

Unless otherwise specified, all geospatial analyses were conducted in ArcGIS Desktop 10.6 and all tools
named below are geoprocessing tools in ArcGIS Desktop.

Raster ocean and land mask — A 100 m resolution data mask differentiating land pixels versus ocean
pixels was derived from high resolution shoreline data for Hawai‘i Island®’. Pixels containing any amount
of ocean area were given priority during rasterization and designated ocean pixels (i.e. land pixels must
contain 100% land area). The ocean portion of the mask extends 5 km offshore — a distance that
generously encompasses all shallow coral reef habitat. This data layer was used as the snap raster
environment setting to ensure common extent and grid alignment during processing and creation of all
final raster layers, as well as to remove land area from intermediate raster datasets when needed. Unless
specified otherwise, when vector data (point, line, polygon) was converted to raster it was done at 100 m
resolution and snapped to this grid.
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Extracting driver data values to reef survey sites — For all raster format data sets, the ‘Extract Multi
Values to Points’ tool was used to assign raster cell values based on the pixel that each survey point fell
inside. For all other data sets, each site was assigned values based on the centroid of the closest factor
data pixel using the ‘Spatial Join’ tool. See below for specific details on each local land-sea human impact
and environmental factor dataset.

Local land-sea human impacts and environmental factors

Human Population Density — NASA Gridded Population of the World version 4 (GPWv4) data is
available at 30 arc-second resolution (~1 km) and represents the number of people living in each pixel.
This is a global dataset and the quality of census information varies by country. For the United States, the
input data to the gridding process for our region was census-block level population, which represents the
finest resolution available from the US Census Bureau. The dataset is based on 2010 census population
data and used county level growth rates calculated from 2000 — 2010 to produce gridded population data
at S5-year intervals from 2000 — 2020.

The Island of Hawai‘i was extracted from the global GPW v4 dataset and projected to UTM at 907.5 m
resolution (Fig. S5). The ‘Focal Statistics’ tool was used to calculate the total population within 15 km of
each oceanic pixel in our study region. Output rasters were clipped to cover nearshore waters from the
shoreline to 5 km offshore. Linear interpolation by pixel was used to generate rasters for missing years
and produce annual time steps of human population density for years 2000 - 2019.

Human Population Human Population
Year: 2000 Year: 2019
People within 15 km People within 15 km

radius (ocean pixels) radius (ocean pixels)
0-1,000 0-1,000

Population Increase
2000 - 2019
People within 15 km

radius (ocean pixels)
0-1,000

1,001 - 2,500 1,001 - 2,500 1,001 - 2,000
2,501 - 5,000 2,501 - 5,000 2,001 - 4,000 :
5,001 - 10,000 5,001 - 10,000 4,001 - 6,000 -
10,001 - 15,000 10,001 - 15,000 6,001 - 8,000
15,001 - 20,000 15,001 - 20,000 8,001 - 10,000
20,001 - 30,000 20,001 - 30,000 10,001 - 12,000 &
30,001 - 40,000 30,001 - 40,000 12,001 - 14,000
40,001 - 52,383 40,001 - 79,527 14,001 - 16,910

People / km? People / km? People / km?
0 — : 0 — 0 -
1-2 1-2 1-2
3-4 3-4 3-4
5-8 5-8 5-8
9-16 4l 9-16 9-16 4 s
17-32 17-32 17-32 5
33-100 33-100 33-100 #
101 - 200 101 - 200 101 - 200
201 - 1,291 201-1,963 201 - 607

N
0
0 10 20 mi

Fig. S5. Human population density on land from NASA GPW v4 and calculated data layer showing the total
population within 15 km of each nearshore oceanic pixel for years 2000 (left), 2019 (middle), and increase from
2000 to 2019 (right).
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Wastewater Pollution - Onsite sewage disposal systems (OSDS) (e.g. cesspools and septic tanks) and
injection wells are prevalent in Hawai ‘i, where municipal sewer infrastructure does not exist for a
majority of residences. We mapped wastewater effluent and nutrient input from OSDS and injection wells
into coastal waters at 100 m resolution in annual time steps from 2000 — 2017 across the study region
(Figs. S6 — S8). We produced two sets of driver layers: total effluent (gal/ha/yr) and nitrogen input
(kg/ha/yr). Values from 2017 were used for 2018 and 2019.

OSDS and injection well data were obtained from the Hawai‘i Department of Health. OSDS locations are
based on centroids of Hawai‘i County Tax Map Key parcel data. OSDS and injection wells have
estimated effluent and nutrient fluxes based on the number of bedrooms and bathrooms that they service
and the type of system in use (cesspool, septic tank, aerobic treatment unit, etc.)’®. Injection well
locations, effluent rates and nutrient concentrations were based on data extracted from the Hawai‘i
Department of Health Underground Injection Control Permit records®. OSDS and injection wells were
assigned a date that they went into service based on available County and State records, and were updated
by extracting more recent data from the Hawai‘i Department of Health Individual Wastewater System
Permit Database*’. Nutrient loading and discharge rates were updated based on a more recent assessment
for West Hawai‘i*'. We limited OSDS and injection wells to those within a 1-yr ground water travel time
of the coast, based on 3D ground water modelling with MODFLOW and MODPATH?®*. Within the 1-yr
travel time zone in West Hawai‘i, there were 5,156 OSDS records (3,574 in operation in the year 2000
increasing to 4,933 in 2017). Of these, 1,049 OSDS records (20%) could not be constrained to a start date
of service. Since relevant records started to be maintained in digital databases in the mid 1990°s we
assumed that all of these OSDS with missing dates went into service before the year 2000 (i.e. the starting
time period of our study). On Hawai‘i Island there are 32 injection wells, 5 of which fall inside the 1-yr
travel time zone in our study region. Wastewater effluent and nutrient loading from each OSDS and
injection well were assumed to flow to the nearest point on the shoreline and then plume outward from
there using a Gaussian decay function with distance from shore approaching zero at 2 km offshore
(sensu’).



443
444
445
446
447
448
449
450
451
452
453
454
455
456

Onsite Sewage
Disposal and
Injection Well
Locations

A

Injection Well
Cesspool
Other OSDS

groundwater 1 year
travel time to coast

Fig. S6. Map of onsite sewage disposal
systems (OSDS) and injection wells across
our study region in West Hawai‘i. The purple
line delineates the 1-yr travel time in the
groundwater to reach the coast and was used
as a cut-off for inclusion of onsite sewage
disposal systems (OSDS) and injection wells
in this analysis.
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457 Fig. S7. These maps zoomed in to Kailua-Kona illustrate the sequential process of deriving wastewater pollution
458  from OSDS and injection well location data. A) OSDS and injection well locations (circles) symbolized by effluent
459  input into the environment: small, light green circles represent lower effluent and larger, dark green circles represent
460  higher effluent. The purple line represents the 1-yr travel time of groundwater to the coast. B) Total effluent from
461  OSDS and injection wells summed within 100 m pixels, with increasing values represented by light to dark green
462 shading. Zones connecting OSDS and injection wells to the nearest pixel on the shoreline are outlined in black. C)
463  Zones coloured by increasing total effluent (the sum of effluent pixels shown in panel B by zone; light to dark

464  green), overlaid with OSDS and injection well locations (small grey crosses), and the terminal point of each zone
465  along the shoreline symbolized by increasing total effluent (light to dark grey circles of increasing size). Terminal
466 points have identical effluent values to their corresponding zones and are used as the source features for offshore
467  dispersal with a Gaussian decay function (light blue to dark orange shading represents low to high effluent input).
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Nitrogen Input — We calculated nutrient input as the combination of total nitrogen from wastewater
pollution (i.e. onsite sewage disposal systems and injection wells; Fig. S9) and golf courses (Figs. S10 —
S11). See Wastewater Pollution section above with respect to quantifying nutrient input from wastewater.

For golf courses, we developed a series of maps representing nitrogen input from golf course runoff and
leeching to groundwater at 100 m resolution for the years 2001 — 2017. The maps are based on the total
area of golf course within drainage basins upslope of nearshore waters. Golf course area was derived from
NOAA Coastal Change Analysis Program (CCAP) land-use/land-cover data and Landsat 7 & 8 cloud-free
composite images created with Google Earth Engine. Golf course area was multiplied by a nitrogen
application rate of 585 kg/ha/yr*** and then by a leaching rate of 32%*¢ to estimate flux of nitrogen
that runs off or reaches the groundwater. We also imposed a decrease in the amount of nutrients reaching
the coast with increasing distance inland according to the following logic: golf courses < 5 km from the
coastline, we assume 100% of leached nutrients reach the ocean; from 5 — 10 km the proportion of
nutrients reaching the coast decreases linearly from 100% - 0%; no golf courses are located beyond 10 km
from the coast. We used sub-watershed catchment polygon data from USGS Stream Stats*’ to estimate
nutrient transport from golf courses to the coastline. We then evenly distributed nutrients along the coastal
line segments of drainage polygons and used those as the source features to plume nutrients offshore
using a Gaussian decay function with distance from shore (Kernel Density tool), approaching zero at 2
km offshore (sensu’).

Panel C Legend
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T travel time to coast % %2 0 A e . 3 "
Fig. S9. Maps zoomed in to Kailua-Kona illustrate the sequential process of deriving the wastewater nitrogen input

from point source OSDS and injection well location data. A) OSDS and injection well locations (circles) symbolised
by nitrogen input into the environment: small, light green circles represent lower nitrogen input and larger, dark
green circles represent higher nitrogen input. The purple line represents the 1-yr travel time of groundwater to the
coast. B) Total nitrogen input from OSDS and injection wells summed within 100 m pixels, with increasing values
represented by light to dark green shading. Zones connecting OSDS and injection wells to the nearest pixel on the
shoreline are outlined in black. C) Zones coloured by increasing total nitrogen input (the sum of N flux pixels shown
in panel B by zone; light to dark green), overlaid with OSDS and injection well locations (small grey crosses), and
the terminal point of each zone along the shoreline symbolized by increasing total nitrogen input (light to dark grey
circles of increasing size). Terminal points have identical nitrogen flux values to their corresponding zones and are
used as the source features for offshore dispersal with a Gaussian decay function (light blue to dark orange shading
represents low to high nitrogen input).
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Fig. S10. Maps zoomed in to Keahole Point vicinity illustrate the sequential process of deriving golf course nitrogen

runoff from golf courses. A) Golf course footprints extracted from satellite imagery, coloured by the first year in
which they appear in our time series of Landsat cloud free composite images (yellow to red to blue colouring),
overlaid with USGS sub-watershed catchments (grey lines). B) Catchment polygons aggregated into larger drainage
polygons that reach the coastline, coloured by the area of golf course contained in each (increasing from light to
dark green). Golf course footprints are shown in dark grey. C) Drainages coloured by estimated nitrogen from golf
courses reaching the coast (light to dark green) based on nitrogen application rate, leaching rate, and distance inland
from coast. Coastline segments of each drainage are symbolized by the nitrogen load of the corresponding drainage
(increasing from light to dark purple) and used as the input source features for offshore dispersal by a Gaussian
decay function (light blue to dark orange shading represents low to high nitrogen input). Golf course footprints are
coloured by distance inland from coast (increasing from light beige to red).
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Urban Runoff — We used the total area of impervious surfaces (e.g. paved roads, parking lots, sidewalks,
and roofs) as a proxy for urban runoff into the ocean that includes household chemicals, oils, trash,
sediments, and other pollutants. We derived proxy layers for the impact on nearshore reefs based on the
total area of developed impervious surface within 10 km of the coastline by watershed at 100 m resolution
(Figs. S12 — S13). We extracted impervious surface cover from NOAA CCAP land use land cover data
from 1992, 2001, 2005, and 2010. We also digitized 2017 impervious surface cover from a single cloud-
free Landsat 8 image (30 m resolution, 15 m pan-sharpened). We used sub-watershed catchment polygon
data from USGS Stream Stats*’ to aggregate the impervious surface area by drainage to coastal source
pixels and plumed the values offshore from there using a Gaussian decay function with distance from
shore (Kernel Density tool), approaching zero at 2 km offshore (sensu’®). CCAP data is available as
follows: CCAP 30 m resolution is available from 1992 — 2005 and CCAP 2.4 m resolution from 2005 and
2010 We aggregated 2005 and 2010 high resolution impervious surface to 28.8 m resolution, the closest
approximation to 30 m without resampling (2.4 x 12 = 28.8), before processing. Aggregated 2010
impervious surface was used as the starting reference point for digitizing 2017 land cover, which was
subsequently converted to raster at 28.8 m resolution. For 2005, there are both high resolution (2.4 m) and
regional (30 m) CCAP products available. We took advantage of this by running the offshore dispersal of
impervious surface area from both 2005 products and created a spatial calibration factor raster based on
the ratio of the two layers. We multiplied the 2010 and 2017 data by this calibration factor so that
impervious surface change is consistent and comparable across time steps. We filled missing years by
linear interpolation across years to produce annual maps. Values from 2017 were used for years 2018 and
2019.

Area of
Impervious
Surface by
Drainage
(km?)

0-0.25
0.25-0.75

A Impervious
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Fig. S12. These maps zoomed in to Kawaihae Bay area illustrate the process of deriving our proxy layer for urban
runoff from impervious surface land cover data. A) Impervious surface land cover footprint (black) for an example
year overlaid with sub-watershed drainage polygons clipped to 10 km inland. B) Drainage polygons coloured by
area of impervious surface (light to dark green), and dispersal offshore by Gaussian kernel decay function (light blue
to dark orange shading represents low to high urban runof¥).
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Rainfall — We quantified annual time steps for two metrics of rainfall — annual rainfall and peak rainfall —
from 1990 — 2019. Data for daily rainfall in mm by rain station was compiled, gap-filled, and updated
with support of Dr. Ryan Longman (University of Hawai‘i)***’. We filtered rain stations and only
included those that had at least 80% of daily observations for each year (Fig. S14). The annual rainfall
and peak rainfall (i.e. maximum 3-day rainfall total) at each station was calculated and used to derived
interpolated surfaces of each metric by year with Empirical Bayesian Kriging in ArcGIS. USGS
ArcHydro-derived Subwatersheds*’ clipped to 0 — 10 km from the coast were used to calculate total
annual and peak rainfall per drainage area (Fig. S15). The resulting values were dispersed offshore from
coastal line segments of watersheds using a Gaussian decay function with distance from shore,
approaching zero at 2 km offshore. The final rainfall driver layers are 100 m resolution.
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Fig. S15. Map showing the annual
total (A) and peak 3-day total (B)
rainfall for example year 2001.
Totals from interpolated rainfall
by watersheds clipped to 10 km
inland are shown on land, and
dispersed offshore. Layers are
symbolized relative to the range in
values over the full 30-year time
series (1990 - 2019). In 2001, the
highest peak rainfall occurred in
Ka‘t (far southern coastline) as
well as south Kohala, while total
rainfall was moderate too low for
most of the coastline. In many
years there are more similar
spatial patterns between the two
metrics with the same areas
experiencing both high total and
peak rainfall.
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Sediment Input — Here we quantified sediment input to nearshore waters at annual time steps from 1990 —
2019 at 100 m resolution (Figs. S16 — S17). We used the Integrated Valuation of Ecosystem Services and
Tradeoffs (InVEST) sediment delivery model to derive long-term annual average sediment input reaching
the coast’’*%. We then dispersed coastal sediment values offshore (sensu®). This long term annual
average sediment input dataset was modulated over time by watershed based on storm discharge
calculated from daily rainfall data updated through 2019 and fully gap-filled***° (see Rainfall above). We
calculated the annual maximum 3-day rainfall total for each rain station location, then produced
interpolated surfaces for each year and summarized them by a hybrid of HUC10/HUC12 scale watersheds
from the USGS National Hydrography Dataset. The USDA Natural Resources Conservation Service
(NRCS) methodology for calculating direct runoff of rainfall based on storm rainfall’® was used to
calculate discharge from the peak rainfall event for each watershed in each year. The curve number (CN)
raster used to calculate discharge was derived from 2010 CCAP data, gSSURGO soil hydro group data,
and the NRCS handbook*. Sediment load was assumed to scale with discharge according to approximate
ratings curve as follows>: sediment = a*Q* Where Q is storm water discharge volume, and a is a
calibration factor. A weighting factor was calculated for each watershed-year based on squared discharge
and then multiplied by the annual average sediment layer. This works out such that taking the average of
all annual sediment time steps will reproduce the original InNVEST-based average annual sediment layer,
and the sum of all annual sediment time steps will produce the average annual sediment layer * n years.

Annual Sediment " Fig. S16. Maps showing the static data
Dispersed Offshore ¢ A B K
(tonslyriha) SN Y input components used to produce the
b e . annual time series of sediment input. A)
5.5 Qé;\% N . .
2-2 - - Average annual sediment load in tons by
9051 s subwatershed (light yellow to brown;
0.1-025 . from 0-10 km inland), and average
0 annual sediment load dispersed offshore
Sogment Export with Gaussian kernel decay function
f’g’;‘n‘s",’)’;‘r‘f“"e"s (light pink to dark red). All values were
M1 5017900 9 derived from InVEST sediment delivery
1 280 / modelling. B) Curve number (CN) raster
230 { used in calculation of surface runoff
2 (discharge) from rainfall data. CN values
0 represent the runoff potential of

hydrologic soil-cover complexes. Low

Yl values of CN represent low runoff
CNvalue! | o potential and occur in highly permeable
' areas where the ground can absorb large
amounts of rainfall before surface runoff
occurs. High values of CN reflect areas
where very little rainfall is required

3 before surface runoff occurs (i.e., high
88 runoff potential). The CN raster was
derived by combining high resolution
NOAA CCAP data (2010) and USGS
soil hydro-group data (gSSURGO). CN
values were assigned following the
NRCS hydrology handbook?®. Note that
CN values of zero are displayed as no-
colour and therefore the satellite image
background shows through in these
areas.

Watersheds
(HUC 10/12
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Watershed
D Offshore Zones
(Colored by

Mean CN value)
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Fig. S17. Maps showing intermediate steps and final output of sediment pollution for example year 2019. A) Rain
station locations (circles) coloured by 2019 observed peak rainfall and interpolated 2019 peak rainfall surface with
comparable symbology to rain station points (light beige to yellow to green), watershed boundaries (grey lines), and
2019 means of peak rainfall by watershed shown by offshore watershed zones (light to dark blue shading).
Watershed-scale peak rainfall means are then combined with watershed-scale average CN values to calculate storm
water runoff by watershed. B) Annual scaling factor by watershed (light to dark pink shading; the 2019 proportion
of the 30-yr total peak 3-day storm discharge squared, for each watershed), and the final sediment export driver
layer for year 2019 (light green to dark red shading nearshore along the coast). Watersheds with a value of zero (no
colour) did not receive a large enough peak rainfall event to generate sediment runoff in the given year.
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Fishing Gear — Fishing regulation information and marine managed area (MMA) boundary designations
were obtained from Wedding & Lecky et al.”’. All MMA regulations were evaluated for whether or not
the following gear categories or types of fishing were allowed that target reef fin fish: line fishing, lay
nets, spear fishing, and aquarium collection. Areas that are explicitly full no-take with regard to reef fin
fish were also noted as such. We summarised the existing regulations into six categories for our study
region (Table S5).

Table S5. Categories of fishing gear based on whether different gears or types of fishing that target reef fin fish only
are allowed in each area across our study region.

Gear Category Rank
Full No-Take 1
No Lay Net, No Spear, No Aquarium

No Lay Net, No Aquarium
No Lay Net
No Aquarium Collection

AN | B W N

Open to all gears

We tracked changes to fishing gear regulations over time from 2000 —2019. We consulted Hawai‘i
Division of Aquatic Resources (DAR) staff, news articles about regulation changes and MMA
establishment, and historical versions of relevant Hawai‘i Administrative Rules accessed via the Internet
Archive Wayback Machine.

Below is a brief summary timeline of changes through time in fishery gear regulations across West
Hawai‘i:

1. December 31, 1999: West Hawai‘i Regional Fisheries Management Area established consisting of
9 Fish Replenishment Areas (FRAs), that ban aquarium collection.

2. August 1, 2005: Four new Netting Restricted Areas (NRA; no lay nets) established plus lay net
ban rules extended to 2 of the FRAs. In addition, lay netting was restricted in waters deeper than
24.4 m (80 ft) for all of West Hawai‘i.

3. December 26, 2013: A new FRA was established at Ka‘ohe (‘Pebbles Beach’) and aquarium ban
rules were officially extended to most existing MMAs and FMAs. There were also several new
region-wide rules that went into effect including: No SCUBA Spear; No take of sharks and rays;
No aquarium take except for an established list of species by DAR (i.e. “White List’ species).

4. July 29, 2016: Ka‘Gpiilehu Marine Reserve established a no-take MMA within the existing
boundaries for areas that are shallower than 36.5 m depth (~120 ft).

We derived multiple GIS layers of fishing gear regulations corresponding to dates of rule changes by
location. To assign fishing gear rank to each reef survey site, we subset the survey data by date and used
the Spatial Join tool with the fishing gear layer corresponding to the dates in the subset. We used the exact
position coordinates of each reef survey site to determine whether a site was inside of an MMA. We then
used a 25 m search distance to assign values for the most restrictive fishery regulations for each site, as in
some cases reef surveys fell within overlapping MMAs. The search radius was included following the
logic that reef surveys represent 25 m transects with positional accuracy of +/-10 m. Therefore, a survey
point that fell just outside a given MMA boundary may represent a survey that was actually inside or at
least partially inside the MMA boundaries. See Fig. S18 for the spatial distribution in fishing restrictions
along West Hawai‘i.
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Sea Surface Temperature — We used daily 5-km resolution sea surface temperature data obtained from
NOAA’s Coral Reef Watch from 2000 — 2019. The summertime mean (SST Mean) and summertime
variability (SST Variability) SST metrics were obtained by calculating the mean and standard deviation
over a 90-day window centred on the maximum value of the 7-day moving window average for each SST
pixel. The regional temperature data (Fig. 3a) was calculated by taking the mean of all coastal pixels across
our study region for each time step. All pixels that directly overlapped with land were removed prior to
assigning values to reef survey sites. All data were NOAA’s Coral Reef Watch 5 km Coral Temp version
3.1 data set (https:/coralreefwatch.noaa.gov/product/Skm/)'. See Fig. S19 for the long-term mean in SST
metrics across the study region.

Sea Surface ?emperature

SST Standard Deviation Fig. S19. Map showing th A) and
Sea Surfac iati B ig ap showing the mean (A) an

C) 20?90')2018 standard deviation (B) in summertime SST
g I 0.42 across the study region. Maps show the

! long-term mean from 2000 — 2018.
I 26.4 % y 0.28

0o/

Heat Stress — We explored numerous metrics to quantify the heat stress endured by reefs across our study
region during the 2015 marine heatwave. All values were calculated over the July — November 2015
period. All data were NOAA’s Coral Reef Watch 5 km Coral Temp version 3.1 data set
(https://coralreefwatch.noaa.gov/product/5km/)'. Note that the bleaching threshold is a pixel specific
value calculated as 1°C above the climatological maximum monthly mean.

e Degree Heating Week (DHW): represents the accumulation of heat stress above the bleaching
threshold over a 12-week period. DHW is the dominant metric in coral reef research to quantify
heat stress on corals.



668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704

e Maximum HotSpot: represents the maximum daily temperature above the bleaching threshold
during the marine heatwave.

e Maximum SST Anomaly: represents the maximum daily temperature above the climatological
maximum during the marine heatwave.

e Maximum SST: represents the maximum daily temperature during the marine heatwave.

Ultimately, we found that all of the above heat stress metrics were highly correlated (» > 0.8). When
possible, we used DHW as the preferred heat stress metric given that it is widely understood and used by
coral reef scientists across the world (Fig. S1).

Ocean Color — Satellite derived chlorophyll-a (mg m™) — a proxy for phytoplankton biomass — was
obtained from two sources (Fig. S20). We used the maximum climatological mean from 2002 - 2013 of 8-
day, 4 km data obtained from Wedding & Lecky et al.*’. These data were used to quantify differences in
phytoplankton biomass between reefs with positive versus negative trajectories pre-disturbance (Fig. 2c¢).

For all subsequent figures and analyses presented in the paper, we used VIIRS (Visible Infrared Imaging
Radiometer Suite) provided by NOAA’s Coral Reef Watch
(https://coralreefwatch.noaa.gov/product/oc/index.php). This satellite, which provided ocean color data
starting in 2014, offered much higher spatial (750 m) and temporal (daily) resolution ocean color
information for assessing values of chlorophyll-a and irradiance for coral reefs (Fig. S20b). As part of the
GAMM analysis in which we assessed the factors that modified coral response to the marine heatwave,
we took the mean for each pixel for all of 2015 and for only the months spanning the marine heatwave
(July — November 2015). For the ordinal logistic regression analysis in which we assessed the factors that
best explained variation in reef-builder cover 4 years following the marine heatwave, we took the mean of
each pixel from 2016 —2019. However, owing to the high cloud cover, numerous days along various
areas across our study region contained no data during these time periods (for example, note the data gap
around Kauna Point near the southern end of the coastline in Fig. S20b).

To account for the unequal data availability owing to clouds, poor data quality, or other factors, we first
set a threshold of data exclusion: all pixels that contained less than 1 retrieval per week on average were
removed. We then calculated bootstrapped means (resampled with replacement 10,000 times) of
chlorophyll-a/irradiance for each pixel for each time period. The maximum sample number used as input
for each of the 10,000 bootstrapped means represented 90% of the threshold of 1 retrieval per week, or
~12% of data available for each pixel. Limiting data inclusion for each bootstrapped mean ensured that all
means for each pixel were based on the same sample number. All ocean colour data were masked to
account for optically shallow waters (sensu’®).
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Wave Exposure — Hawai‘i has a complex wave climate including persistent trade wind seas, year around
south swells, and seasonal north swells as well as waves from tropical and subtropical cyclones passing
nearby”’. The multi-modal sea states varying with time and space are characterised by wave height,
period, and spectrum. Wave power determined by these three factors provides a good representation of
the wave exposure at reef sites. Due to the lack of direct buoy measurements, we obtain wave power for
the west of Hawai‘i Island from a hindcast dataset generated by the numerical wave model system
assembled by Li et al.’®. The system comprises the third generational spectral wave models
WAVEWATCH III°° and SWAN (Simulating Waves Nearshore)® on a suite of nested grids from globe
to nearshore as shown in Fig. S21. The regional WAVEWATCH III model covers the major Hawaiian
Islands with 3 arcminute resolution (~5.5 km). It is nested within the global WAVEWATCH III model
from 77.5° S to 77.5° N with 0.5 arc-degree resolution and in turn provides the directional wave spectra
as boundary conditions for the SWAN grids for O‘ahu, Kaua‘i, Maui, and Hawai‘i Island with 18-
arcsecond resolution (~550 m). The island-scale SWAN model can resolve the wave transformation over
the insular shelf and further defines the boundary conditions for the nested SWAN model covering west
of Hawai‘i Island at 9 arcseconds of resolution (~250 m). This provides a transition for the nearshore
SWAN grids and allows for a detailed description of the nearshore waves with 1.8-arcsecond resolution
(~50 m).

Accurate wave modelling around the Hawaiian Islands requires high-quality global and regional wind
datasets. The NOAA NCEP Climate Forecast System Reanalysis (CFSR) produces assimilated surface
winds at 0.5° resolution around the globe from 1979 to 2011°' and 0.205° afterward® that provides the
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boundary conditions for downscaling of Hawai‘i regional winds by the Weather Research and Forecasting
(WRF) model®** CFSR and its regional WRF downscaling provide good descriptions of synoptic and
mesoscale weather patterns for modelling of waves from local and distant sources®. The surface winds
from both datasets are concatenated to provide input for the numerical wave model system. The model
output includes significant wave height, peak period, and peak direction as well as wave power at each
grid point in hourly intervals for 1979 — 2019. The hindcast dataset was thoroughly validated with
available measurements from offshore and nearshore buoys and satellite altimeters. The validated
hindcast allows characterization of interannual and long-term wave climate as well as spatial variation of
the wave conditions across the Hawaiian Islands.

We computed wave power at annual time steps from 2000 — 2019 at 50 m resolution (Fig. S21). Wave
power (kW/m) combines wave height and period and provides a more representative metric of wave
exposure than wave height alone'®. Annual data were generated for each 50 m grid cell by taking the
mean of the top 97.5% in daily maximum wave power data obtained from and updated for this study.
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Fig. S21. Map of West Hawai‘i showing the high resolution (50 m) wave
model used in our data analysis (right). Wave power (kW/m) data are %
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744 Coastal Sectors — Approximately 100 m width sector polygons were derived along the entire coast of
745  West Hawai‘i that span from the shoreline to encompass all nearshore reef area (Fig. S22). These sectors
746  were used to extract all local land-sea human impact and environmental factor data from the 10 m depth
747  contour (Fig. 1). Sector Polygons were created using ArcGIS ArcPy adapted from a script by Dr. Andrew
748  Davies, University of Rhode Island (https://github.com/marecotec/dsmtools).

749
Fig. S22. The 100-m width coastal sectors along
our study area numbered ascending from north to
south (labelled every 100 sectors, or approx.
every 10 km), with inset map showing detailed
view of sectors.
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