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Corals are a major habitat-building life-form on tropical reefs that support a quarter of
all species in the ocean and provide ecosystem services to millions of people. Marine
heat waves continue to threaten and shape reef ecosystems by killing individual coral
colonies and reducing their diversity. However, marine heat waves are spatially and
temporally heterogeneous, and so too are the environmental and biological factors
mediating coral resilience during and following thermal events. This combination
results in highly variable outcomes at both the coral bleaching and mortality stages of
every event. This, in turn, impedes the assessment of changing reef-scale patterns of
thermal tolerance or places of resistance known as reef refugia. We developed a large-
scale, high-resolution coral mortality monitoring capability based on airborne imaging
spectroscopy and applied it to a major marine heat wave in the Hawaiian Islands. While
water depth and thermal stress strongly mediated coral mortality, relative coral loss was
also inversely correlated with preheat-wave coral cover, suggesting the existence of coral
refugia. Subsequent mapping analyses indicated that potential reef refugia underwent
up to 40% lower coral mortality compared with neighboring reefs, despite similar ther-
mal stress. A combination of human and environmental factors, particularly coastal
development and sedimentation levels, differentiated resilient reefs from other more
vulnerable reefs. Our findings highlight the role that coral mortality mapping, rather
than bleaching monitoring, can play for targeted conservation that protects more sur-
viving corals in our changing climate.
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Scleractinian corals, the foundational reef-building organisms of tropical reefs, are
under increasing stress from climate change and numerous local and regional stressors
(1, 2), with cascading feedbacks on global biodiversity, invaluable ecosystems services,
and the livelihoods of millions of people (3, 4). Marine heat waves are a major threat
to coral reefs, with 14% of corals lost over the past decade (5) and projected coral losses
reaching 90% if climate warming exceeds 1.5 °C (6). Coral refugia, regions of reef pos-
sessing conditions that increase climate resilience (7), are possible safe havens from
moderate heat waves. Some corals show enhanced resilience through genetics and/or
acclimatization (8), while other coral survivors may persist in reef refugia due to envi-
ronmental factors, such as cooling submarine groundwater discharge along some coast-
lines (9). While reef refugia are thought to exist (10), they have only been examined at
coarse scales of ocean basins (7), and rarely have they been considered within and
across reef ecosystems conducive to direct management actions.
Marine heat waves often cause coral bleaching, but bleaching does not necessarily

result in coral mortality as many reefs harbor at least some corals that recover and persist
following severe heat stress (11). However, most reef survey studies focus on bleaching, a
gross indicator of thermal stress during a heat wave. In contrast, fewer studies capture
coral mortality, the net effect of a heat wave on reefs. Dead corals are quickly colonized
by algal turf and then, by other life-forms, such as macroalgae (12), resulting in a benthic
color contrast between live coral and algal surfaces that is more distinct than the contin-
uum of color variation associated with mixtures of live, pale, bleached, and dying corals
during a marine heat wave (13). Although previously not possible, the mapping and
monitoring of spectral changes associated with coral mortality, rather than coral bleach-
ing, could reveal previously unknown patterns of net coral change.
Quantification of coral mortality across large regions is difficult to achieve due to the

vast spatial extent of reefs, great ecological heterogeneity, and measurement barriers
associated with traditional coral monitoring methods (14). From a potential refugia
standpoint, synoptic high-resolution approaches are needed to quantify net coral
change through time to determine reef vulnerability and resilience in the face of global
stressors. When coupled with additional information, coral mortality mapping could
be used to identify environmental conditions mediating coral responses to heat waves.

Significance

Corals exhibit highly variable
responses to marine heat waves
as well as to local biological and
ecological circumstances that
moderate them across reef
seascapes. This variability makes
identifying refugia—reefs
possessing conditions that
increase coral resilience—nearly
impossible with traditional
surveys. We developed and
applied an airborne coral
mortality mapping approach to
identify reef refugia in a major
marine heat wave across the
Hawaiian Islands. A combination
of human and environmental
factors, including reduced coastal
development and lower
sedimentation levels, advantaged
the majority of refugia over
neighboring reefs. High-resolution
monitoring of coral mortality
reveals a reef geography of both
resilience and vulnerability to
climate change.
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The Main Hawaiian Islands (MHI) are spread over more than
1,500 km2 of the central Pacific Ocean, with reefs experiencing a
wide range of human-driven pressures that greatly affect reef resil-
ience (15). The marine heat waves of 2015 and 2019 nonuni-
formly engulfed the MHI, with the 2015 event generating live
coral losses exceeding 50% along some islands but with unmeas-
ured geographic patterns of loss or resistance (16). While the
severity of the 2019 heat wave was far less than that experienced
in 2015, some reefs did undergo high levels of thermal stress (e.g.,
15° heating weeks) and a wide spectrum of bleaching responses
from <1 to >30% of coral cover (17).
The 2019 Hawaiʻi marine heat wave occurred from July to

October, providing an opportunity to assess archipelago-scale coral
mortality and resistance following a marine heat wave (17). We
applied a high-resolution reef mapping approach based on air-
borne imaging spectroscopy (18) to assess net changes in live coral
cover surveyed in January 2019 and again in January 2020. We
quantified absolute and relative coral loss across six islands and
identified coral reef refugia showing resilience to heating. We
combined maps of coral change with mapped environmental fac-
tors to assess mediators of coral loss and retention. Our research
represents a spatially explicit assessment of coral mortality and
refugia following a large-scale marine heat wave.

Results

We mapped a total of 21,773 ha of reef to 16-m depth, which
harbored an average of 22.7% (pixel-level SD = 15.8%) live coral
cover in January 2019 before the marine heat wave (Table 1).
Following the heat wave, a remapping of the same reef area
revealed an absolute loss of live coral cover averaging 6.3% (pixel
SD = 8.5%). Absolute coral cover losses were unevenly distrib-
uted by island and along the coasts of each island (Fig. 1A and
Table 1). Lanaʻi underwent the highest levels of absolute coral
loss (9.9%; SD = 12.6%), and Oʻahu had the least amount of
coral loss (5.3%; SD = 7.2%).
Accounting for preheat-wave coral cover, the ecological pat-

tern of relative coral mortality was much different from that of
absolute mortality (Fig. 1B). Mean relative coral loss was
26.1% (pixel-level SD = 28.4%) across the entire study region
but was elevated around Lanaʻ i, Hawaiʻ i, and Kahoʻ olawe
islands, averaging 28.3 to 30.1% (Table 1). This pattern was in
accordance with the footprint of the marine heat wave, which
was maximum around Lanaʻi, Kahoʻolawe, and the west coast
of Hawai i̒ Island (SI Appendix, Fig. S1).
We assessed the absolute and relative effects of the marine

heat wave on live coral cover alongside numerous potential

interacting factors (SI Appendix, Tables S1 and S2). Because
marine heat waves differ in vertical structure and intensity, we
first focused on coral mortality by water depth to define the
vertical thickness of the thermal anomaly in biological terms
(Fig. 2). In absolute cover terms, the 2019 marine heat wave
caused the most coral mortality in the 1- to 9-m-depth range,
with the greatest loss of 13% observed on Lanaʻi at 3- to 7-m
depth (Fig. 2A). In relative cover terms, however, peak losses
occurred in the 1- to 4-m-depth range (23 to 63% coral loss),
with Kahoʻolawe most impacted (Fig. 2B). Moreover, relative
coral losses remained high at 20 to 35% to our maximum map-
ping depth of 16 m, indicating that the biologically defined
depth of the heat wave exceeded our mapping depth. In situ
temperature sensors indicated that the thermal anomaly was
about 2 °C down to ∼30-m depth.

Analyses using computational machine learning revealed the
key factors that were spatially correlated with absolute and rela-
tive coral losses from the marine heat wave (Fig. 3). The severity
and duration of the heat wave, as measured in degree heating
weeks (DHW), were highly correlated with absolute coral loss
(Fig. 3A). Solar irradiance, as measured via photosynthetically
active radiation (PAR), was a covariate with DHW. Elevated
PAR induces additional stress on corals with respect to their algal
symbiont, particularly during anomalous temperature events
(19). The factors most influential in explaining absolute coral

Table 1. Island-scale mean and pixel-level SD (2-m reso-
lution) of coral mortality following the 2019 marine
heat wave

Island
Mapped
area (ha)

Starting
live cover (%)

Absolute
loss (%)

Relative
loss (%)

Hawai i̒ 5,354 20.8 (14.1) 6.1 (7.5) 30.1 (28.8)
Maui 5,432 23.8 (14.9) 6.1 (8.3) 23.3 (27.0)
Kaho o̒lawe 469 22.5 (17.6) 7.3 (9.6) 29.9 (29.5)
Lana i̒ 1,495 30.2 (22.5) 9.9 (12.3) 28.3 (28.0)
Moloka i̒ 4,863 23.8 (18.0) 6.4 (8.9) 25.1 (27.8)
O a̒hu 4,160 18.9 (12.4) 5.3 (7.2) 25.7 (30.8)
Combined 21,773 22.7 (15.8) 6.3 (8.5) 26.1 (28.4)

Absolute loss is the change in percentage cover of live coral between years, and relative
loss is calculated as [2019 � 2020]/2019 of live coral cover. SD = standard deviation

Fig. 1. (A) Absolute and (B) relative loss in coral cover between January
2019 and January 2020 at 2-m spatial resolution to 16-m water depth.
Lower Right Inset indicates location of the Hawaiian Islands in the Pacific
Ocean. Middle Right Inset indicates the geographic distribution of the main
eight islands. Absolute loss is reported as percentage cover change
between years, and relative loss is calculated as [2019 � 2020]/2019 of
coral cover. Sections of coastline with dark blue color were not mapped
due to rough sea surface conditions in 2020.
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losses were highly variable by island (SI Appendix, Fig. S2A).
Very few of the factors were important for more than any two of
the islands, and none were dominant for all individual islands.
This suggests that heat-induced coral mortality was highly
dependent on local reef-scale factors, despite widespread thermal
and light stress in 2019.
A pivotal finding was that the strongest predictor of relative

coral mortality across the study region was preheat-wave coral
cover (Fig. 3B). Specifically, some reefs with higher coral cover
before the heat wave fared much better than those with lower
cover, suggesting that high-cover reefs may be serving as long-
term coral refugia in heat waves. This finding also held for each
island individually (SI Appendix, Fig. S2B). While proportional
losses of any quantity can vary inversely with its starting value,
high coral cover is not simply a systematic predictor of relative
coral loss. Instead, the machine learning approach detected this
inverse relationship in a geospatial pattern that was interpret-
able in specific locations, revealing potential coral refugia.
To further assess this possibility, we analyzed the top 10

live coral cover reefs in the MHI as previously mapped (18)
(SI Appendix, Table S3). We calculated coral loss on these reefs

and compared it with 10 km of adjacent reefs in both directions
away from each potential refugium. Our analysis indicated 30
to 40% greater coral survivorship on 7 of the 10 potential refu-
gia (Table 2). The remaining three reefs performed similarly
(�6 to +8%) to surrounding nonrefugia. Analyses of potential
explanatory variables indicated that less sedimentation and
coastal development were correlated with the higher perfor-
mance of most coral refugia relative to surrounding areas (r =
0.44 to 0.46) (SI Appendix, Table S4). However, our analyses
did not include a potentially important factor of cool subsurface
groundwater discharge that may provide additional protection
(9). Despite these refugium-scale findings, we also observed that
heat wave–driven coral losses were highly heterogeneous within
each reef (Fig. 4). Other than the natural spatial pattern
imparted by reef hard-bottom substrate on coral cover, there
was no coherent spatial pattern found in the within-reef
response of corals to the heat wave.

Discussion

Our study highlights the unique role that coral mortality map-
ping can play in support of reef conservation and management
as ocean climate continues to change. Whether in a laboratory
or field setting, understanding which corals bleach is important
for assessments of heat and light stress response. However, coral
morality mapping provides an avenue to determine net rates of
coral loss over large areas, which reveal ecosystem-level resilience.

Maps of coral mortality following marine heat waves and other
disturbances provide input to the growing field of coral reef resto-
ration, which must grapple with numerous issues that limit reef
recovery efforts (20, 21). Given the pronounced limitations of
carrying out coral restoration at large scales, more tactical
approaches are urgently needed to identify areas of both height-
ened coral mortality and survivorship. Coral mortality mapping
can focus subsequent effort on moderately impacted reefs that
might benefit from direct interventions while avoiding areas of
severe decline that may prove fruitless in restoration efforts. Still
other reefs showing resilience can be identified and designated for
protection. These types of emergent options could help manage
enormous areas, such as the Great Barrier Reef (22).

While we found reefs with elevated coral resilience to the
2019 marine heat wave, pronounced within-refugium heteroge-
neity of coral mortality was also observed. This may be an indi-
cator of genetic variability in thermal tolerance within and
between coral species (23). Such complex spatial patterns of
coral performance may, therefore, provide options for the selec-
tion of thermally tolerant corals for study. Subsequent selective
propagation, based on within-refugium coral performance in
heat waves, can help managers and conservationists to enhance
reef resiliency by strengthening the pool of genotypes used for
restoration.

Our airborne results reveal a highly complex geography of
coral vulnerability to thermal events at individual reef to archi-
pelago scales. While high temperature and light stress remain
broad forces of coral mortality, the scale dependence of coral
loss and survivorship is far more complex than can be
accounted for by these drivers alone. In the 2019 Hawaiʻ i
marine heat wave, a range of coral mortality levels was
observed, and on some reefs in areas of less coastal development
and lower land to sea sedimentation, corals performed better
than in other areas lacking these land-based impacts. Such
results point to the need for management to directly address
land–reef issues in a changing climate. Despite this understand-
ing, we still lack nearshore maps of subsurface groundwater

Fig. 2. (A) Absolute and (B) relative loss in coral cover from 2019 to 2020
by island and seawater depth.
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discharge, currents, and internal waves, all of which may greatly
affect coral outcomes in a warming climate (24, 25). Because
preexisting live coral cover was a strong predictor of coral resil-
ience in the 2019 marine heat wave, it may be the case that
some of these unmapped factors are supporting coral survival.
In fact, mapping coral persistence may provide a way to iden-
tify where these factors are biologically relevant.
Coral resilience results from a combination of genetic thermal

tolerance (26) and mediating factors, such as human stressors and
local hydrodynamics (18). Yet, these interacting factors remain
extremely difficult to constrain via traditional studies. Repeat coral
mortality mapping could be integrated with laboratory and field-
based approaches to better understand options and to drive efforts
at scales of greater ecological efficacy. While the remote sensing
with imaging spectroscopy used here is currently only available via
a few airborne platforms, space-based systems are in rapid develop-
ment (27), which will make coral mortality mapping routine in a
few years. The discovery and monitoring of coral reef refugia offer
an important pathway for meaningful conservation interventions
that protect more corals in our changing climate.

Methods

Airborne Data Collection. In January 2019, we collected and generated live
coral cover maps for the MHI at 2-m spatial resolution using the Global Airborne
Observatory (GAO) (18, 28). The mapping process was repeated in January
2020. Repeat coverage was obtained for the islands of Hawaiʻi, Kahoʻolawe,
Lana i̒, Maui, Moloka i̒, and O a̒hu to a depth of 16 m. Details of the mapping
campaigns, including instrumentation, data processing, and field verification,
are in SI Appendix.

Island-Level Coral Mortality. We computed average coral loss values, in both
absolute and relative terms, for each island. Absolute coral loss was the change in
percentage cover of live coral between years, and relative loss was calculated as
[2019 � 2020]/2019 of live coral cover. Subsequent analyses included pixels con-
taining hard-bottom substrate, defined using 2019 sand cover maps by setting a
maximum sand cover threshold of 50% and a minimum of 50% of combined live
coral cover, algal cover, and bare rock. In a previous study, we identified the top 10
highest average coral cover reefs across the MHI (18) (SI Appendix, Table S3). We
assessed whether such high live coral regions had higher coral survivorship than
surrounding coastlines following the marine heat wave to investigate the existence
of reef refugia. We computed average absolute and relative coral loss values for

Fig. 3. Importance of factors associated with the spatial pattern of (A) absolute and (B) relative coral loss for all islands during the 2019 marine heat wave.
Plus (+) and minus (�) symbols indicate the direction of the relationship between each mapped factor and coral mortality. Avg = average; STD = standard
deviation; PPT = precipitation; SST = sea surface temperature. SI Appendix, Fig. S2 shows similar data by island.

Table 2. Coral loss in the top 10 highest live coral cover reefs identified in ref. 18 compared with neighboring reefs

Name

Potential refugium (%) Neighboring reefs (%)
Refugium/neighbor,

ratio of relative loss (%)Cover loss Relative loss Cover loss Relative loss

Hawai i̒: K�iholo 7.0 (9.8) 18.1 (24.2) 6.1 (7.6) 27.4 (29.2) �34
Hawai i̒: Keawaiki 7.1 (9.0) 19.4 (24.4) 6.1 (7.5) 27.6 (28.9) �30
Hawai i̒: A̒naeho o̒malu 6.3 (9.1) 19.4 (25.5) 6.1 (7.6) 27.6 (29.0) �30
Hawai i̒: Keaukaha 7.1 (9.8) 17.4 (25.6) 6.0 (8.7) 29.0 (36.8) �40
Hawai i̒: P�ap�a Bay 6.4 (7.4) 27.6 (27.1) 8.1 (7.9) 41.5 (30.9) �33
Lana i̒: East 16.1 (15.9) 26.8 (25.7) 7.9 (9.9) 28.6 (30.2) �6
Hawai i̒: Makako 7.9 (8.3) 31.4 (29.4) 6.3 (7.3) 29.1 (29.2) +8
Maui: Ka a̒napali South 8.2 (10.5) 25.5 (29.9) 7.3 (9.2) 27.6 (29.8) �8
Southeast Moloka i̒ 8.9 (12.1) 20.0 (26.2) 7.3 (9.1) 31.8 (30.7) �37
Hawai i̒: Wai o̒lena 6.9 (8.5) 19.9 (25.4) 6.0 (8.7) 28.7 (36.7) �31

Absolute loss is the change in percentage cover of live coral between years, and relative loss is calculated as [2019 � 2020]/2019 of coral cover.
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each of the potential refugia as well as for the coastline surrounding each region
within a 20-km buffer (10 km to each side of the proposed refugium).

Potential Driver Maps. To assess spatial correlation of mapped live coral loss
(2019 to 2020) and spatially variable socioenvironmental drivers, we compiled 19
potential driver maps for each of the islands (SI Appendix, Table S2). Two potential
drivers were generated from GAO bathymetry maps derived from the 2019 airborne
Visible to Shortwave Infrared data collection (29): 2-m resolution rugosity (Fine Rugos-
ity) using a methodology defined in ref. 30 and seafloor slope (Reef Slope) computed
on benthic depth maps averaged to 6-m resolution. Three maps of coastal geometry
were created using a vector map of the coastlines of the MHI downloaded from the
State of Hawai̒ i Office of Planning (https://planning.hawaii.gov/gis; accessed June
2020). We measured coastline complexity at each vertex in the coastal outline by
summing the absolute angles (in radians) at all vertices within 200 m of the given
vertex and dividing by the number of vertices used in the sum. We then created a
raster map of coastline complexity (Coastline Curvature) by interpolating the vertex
complexity values using inverse distance weighted averaging with a power of two. In
addition, we developed an algorithm to identify all embayments (concave regions of
coastline) that span up to 2 km in width. From these identified embayments, we set
up a 10-m grid for each island and computed the distance inside the embayment for
each pixel in the grid (Embayment Distance). Pixels outside of identified embayments
were given an Embayment Distance of zero. In some embayments, we noticed that
corals near the bay shoulder survived better than those near the bay head. To quantify
Embayment Position, we created a metric that takes the value of one at the head
(most interior part of the bay) and the value of zero at the shoulder (most outward

point) of an embayment, with other points assigned a value from zero to one. This
metric was computed using two values: 1) distance inside an embayment relative
to maximum distance in the given embayment (rdist) and 2) distance along the
segment connecting the two shoulders (referred to as “stretch” in SI Appendix, Fig.
S1) relative to the total distance of this stretch (rstretch). With these two relative val-
ues, Embayment Position was computed as 0:5ð1þ rdistÞþ j rstretch� 0:5 j
for each pixel on the same grid used for mapping Embayment Distance.

To incorporate information about the water temperature before and during
the 2019 warming event, we incorporated daily sea surface temperature (SST)
maps available from National Oceanic and Atmospheric Administration
(NOAA) Coral Reef Watch (https://coralreefwatch.noaa.gov/). Daily CoralTemp v3.1
blended SSTs are derived from multiple satellite sensors maps and validated
against a network of temperature sensors (31, 32). A moving average SST was
computed using a 7-d window on daily SST maps. For each year, the summer
period was defined as 45 d before and after the date on which the maximum
value of this moving average SST was achieved. We computed the mean and SD
of the moving average SST for all days within the summer period for each year.
The mean of the annual means (SST Avg Summer) and the mean of the annual
SDs (SST STD Summer) were recorded as inputs into the driver analysis to define
recent patterns of temperature fluctuation. We also computed the maximum 7-d
moving average SST achieved during the 2019 warming event, defined as the
period from 1 August to 31 December (SST Event), as an indicator of maximum
instantaneous heat stress. We calculated DHW as an indicator of accumulated
heat stress. DHW is computed from weekly maximum temperature maps in a
moving 12-wk window by comparing the weekly maximum against an average
maximum summer SST value for the same area. All positive (warmer than aver-
age) differences between the weekly maxima inside the 12-wk window and the
average maximum summer SST are summed. We used the maximum DHW
value measured during the 3-mo 2019 warming event (DHW Event) as a metric
of accumulated heat stress. For all the above maps, pixels containing water
depths less than 30 m were removed prior to averaging due to noise artifacts
that commonly occur in shallow waters (33). Values for pixels in shallow water
were computed using nearest neighbor interpolation on the deeper water pixels.

Because solar radiation has been shown to be correlated with coral bleaching
damage (34, 35), we compiled maps of 8-d PAR from Coral Reef Watch at 750-
m resolution. These maps indicate the amount of radiation reaching the water
surface during the given time period and depending on turbidity, the amount of
radiation reaching the ocean floor. From these data, we compiled a map of aver-
age PAR from 2012 to 2019 (PAR Avg) and a map of maximum PAR observed
during the 2019 marine heat wave (PAR Event). The PAR maps were filtered to
remove shallow water pixels in the same manner as the SST and DHW maps.

To test the degree to which terrestrial input into the ocean via surface and
groundwater interacts with warming waters on coral loss, we used a vector layer
of streams also obtained from the Hawai i̒ Office of Planning website. We gener-
ated a map of the distance to stream inlets (Dist. to Stream) by directly computing
the distance from each pixel on the grid to the nearest stream. We downloaded
monthly total precipitation map data, as measured by the Global Precipitation
Mission satellite constellation (36) at 0.1° (∼10-km) resolution, and created two
maps: the total terrestrial precipitation during all of 2019 (PPT Avg) and the total
precipitation occurring during the warming period (PPT Event). These maps were
used as an alias for the total freshwater flow into the ocean. Nearest neighbor
interpolation was used to interpolate terrestrial precipitation seaward from the
coast. We next included a layer of modeled sediment export available from the
Ocean Tipping Points Project (15, 37) as an indicator of how much sedimentation
could be expected to affect water clarity and light transmission (Sediment).

Two metrics of human activity–related inputs into the ocean were also available
as layers from the Ocean Tipping Points Project. First, a Development layer of land
use changes from natural landscape to human-built environments during 2005 to
2010 was included to identify impacts of coastal development on live coral. Next, as
nutrient leaching from on-site sewage systems can increase algal growth in down-
stream waters and have direct impacts on coral physiology, we included a layer of
estimated “nitrogen flux” (Effluent Nitrogen) (15, 37, 38) in the driver analyses.

Finally, wave forcing is another factor often linked with coral health; thus, we
used wave power maps available from the Ocean Tipping Points Project as driv-
ers in the analysis. For these maps, maximum wave power was estimated on a
daily basis during the years 2000 to 2013 using a computer model incorporat-
ing wind conditions and digital surface maps to model wave spatial patterns

Fig. 4. Example full-resolution mapping of (A) absolute and (B) relative loss
in coral cover between January 2019 and January 2020 at 2-m spatial resolu-
tion to 16-m water depth. Absolute loss is reported as change in percentage
cover between years, and relative loss is calculated as [2019 � 2020]/2019 of
coral cover. The area shown is K�iholo Bay, Hawai i̒ Island, a top coral refugium
determined in this study (Table 2). Insets in A include a zoom-in to a subset of
the absolute coral loss data at full resolution (upper box) as well as a map of
Hawaii Island (lower box) indicating the location of this example. Inset in B
provides a zoom-in to a subset of the relative coral loss data at full resolution.
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(15, 39). The daily maxima were averaged within each month across all years,
creating typical monthly values that were used to detect anomalies as daily max-
ima that exceed their typical monthly values. We incorporated two layers that
quantify the long-term patterns in such anomalous wave forcing into the analy-
sis: the average power of these anomalous waves (Wave Power Avg) and the
average annual frequency of anomalous waves (Wave Frequency).

Driver Analyses. We used random forest machine learning (RFML) models (40)
to assess the importance and pattern of influence of each of the potential drivers
on the amount of coral lost both as absolute (percentage) cover lost and as relative
cover lost from the starting live cover in 2019. RFML regression models are flexible
and nonparametric, allowing for complex interactions between input factors to be
mapped out using an array of individually fit regression trees. Predictions are com-
puted from averaged predictions across the individual regression trees. Built-in
automatic pruning of each tree and fitting with bagged samples reduce overfitting.
The RFML models were created at two different scales to identify changes in impor-
tance between the different scales. The first scale was archipelago, in which
samples from all islands were combined into a single RFML model. At a second
full-island scale, a separate RFML model was built for each of the six study islands.

Prior to analysis, the live coral loss maps were down sampled to 100-m spa-
tial resolution by averaging the 2-m values for all areas where at least 30% of
the 2-m pixels contained valid, unfiltered values. The individual driver maps
were also down sampled using pixel averaging or up sampled using a cubic
spline algorithm to match the 100-m grid of the loss maps. Training data for
each island were taken from all 100-m resolution pixels that had valid values
across map layers.

Modeling was carried out using the Scikit-Learn Python package (41). For
each RFML model, a full grid search was performed to find the optimal meta-
parameters for the model. Metaparameters that were allowed to vary were
1) the number of estimators (regression trees), 2) the minimum number of sam-
ples at each tree leaf node, and 3) the maximum depth (number of recursive
splits) allowed for each tree. A model was fit with fivefold cross-validation for
each combination of metaparameters, and the optimal metaparameters were

determined from the combination that produced the lowest mean square error.
The optimal parameters were then used to fit a model to the full dataset (no
cross-validation). The R2 value for the predictions of this full model against the
observed coral loss values was recorded for later use.

To assess the importance of each driver variable in each model, an R2 reduction
permutation importance metric was computed. For each input variable for each of
five iterations, the values for this variable were randomly shuffled, keeping the val-
ues of all other variables intact. Model predictions were performed using the per-
muted dataset, and we retained the difference between the original R2 and the R2

computed from this permutation. The five difference values were averaged for
each variable to get a single importance value, where larger positive values indi-
cate greater reduction in R2 and equivalently, greater variable importance.

Data Availability. Mapping data have been deposited in Zenodo (https://
zenodo.org/record/4777345) (42).
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