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Abstract

Identifying relatively intact areas within ecosystems and determining the con-

ditions favoring their existence is necessary for effective management in the

context of widespread environmental degradation. In this study, we used 3766

surveys of randomly selected sites in the United States and U.S. Territories to

identify the correlates of sites categorized as “oases” (defined as sites with rela-

tively high total coral cover). We used occupancy models to evaluate the influ-

ence of 10 environmental predictors on the probability that an area (21.2-km2

cell) would harbor coral oases defined at four spatial extents: cross-basin,

basin, region, and subregion. Across all four spatial extents, oases were more

likely to occur in habitats with high light attenuation. The influence of the

other environmental predictors on the probability of oasis occurrence were less

consistent and varied with the scale of observation. Oases were most likely in
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areas of low human population density, but this effect was evident only at the

cross-basin and subregional extents. At the regional and subregional extents

oases were more likely where sea-surface temperature was more variable,

whereas at the larger spatial extents the opposite was true. By identifying the

correlates of oasis occurrence, the model can inform the prioritization of reef

areas for management. Areas with biophysical conditions that confer corals

with physiological resilience, as well as limited human impacts, likely support

coral reef oases across spatial extents. Our approach is widely applicable to the

development of conservation strategies to protect biodiversity and ecosystems

in an era of magnified human disturbance.

KEYWORD S
climate change, conservation, ecosystem, management, occupancy models, persistence,
resilience

INTRODUCTION

Although all ecosystems have been impacted by human
activities, they have not been affected equally (Bowler
et al., 2020). There are examples of communities that are
resilient (sensu O’Leary et al., 2017) to contemporary
environmental conditions despite an increasing fre-
quency and intensity of disturbances (Davis et al., 2013;
Turner & Corlett, 1996), whereas other communities per-
sist by escaping the stressors causing degradation in other
areas (e.g., Kavousi & Keppel, 2018). Although the mech-
anisms contributing to community persistence in an
anthropogenically disturbed world are not fully under-
stood, there is growing interest in such “bright spots”
(Cinner et al., 2016; O’Leary et al., 2017) or “oases”
(Guest et al., 2018). There is an urgent need to identify
these areas, and to determine the conditions favoring
their occurrence in order to prioritize areas for human
intervention, an approach known as “predict-and-pre-
scribe” management (Webster et al., 2017).

Coral cover has declined globally in recent decades pri-
marily as a result of the combined effects of climate
warming and land-use changes (Bruno & Selig, 2007;
Gardner et al., 2003). These declines are predicted to con-
tinue into the future as global warming exacerbates coral
mortality due to bleaching and disease (Donner et al., 2005;
Randall & van Woesik, 2017). Despite past, current, and
projected declines in coral cover, a few reef locations have
maintained higher coral cover relative to neighboring loca-
tions, and these have been referred to as “oases” (Guest
et al., 2018; Lirman et al., 2011). Reef oases in Guest et al.
(2018) were defined by coral cover that was high relative to
nearby sites, but oasis status was also associated with rela-
tively high coral community calcium carbonate production,
an emergent property of coral reefs with important

functional implications (Courtney et al., 2020; Perry &
Alvarez-Filip, 2019). In most cases, it is unclear whether
reef oases have maintained their high coral cover by escap-
ing, resisting, or recovering from disturbances. Regardless
of their mechanistic origins, oases may serve as sources of
functionally important organisms to repopulate other loca-
tions while work is undertaken to mitigate the effects of
environmental change and to restore degraded reefs
(Darling et al., 2019; Guest et al., 2018; O’Leary et al., 2017).

Predictions of reef condition have been aided by
advances in computing and the availability of remotely
sensed environmental data. State variables in recent predic-
tive studies of coral reef condition have included fish bio-
mass (Cinner et al., 2016; Williams, Baum, et al., 2015),
benthic cover (Darling et al., 2019; Robinson et al., 2018;
Williams, Gove, et al., 2015), and the extent of coral
bleaching (Barnes et al., 2015; Donovan et al., 2020; Safaie
et al., 2018; Sully et al., 2019). Most studies to date have
focused on biophysical predictors of reef condition (but see
Cinner et al., 2016; Darling et al., 2019), but local human
impacts may disrupt functionally important associations
between the abundance of benthic taxa and their biophysi-
cal predictors (Williams, Gove, et al., 2015). Moreover, local
human impacts tend to be weaker correlates of the abun-
dance of benthic organisms than fish biomass, probably
because fishing directly influences fish populations (Bruno
et al., 2019). Changes in the human use of coastal land can
directly impact benthic community structure in near-shore
habitats (Fabricius, 2005), but reefs with relatively high
coral cover can be found in heavily disturbed environments
(Guest et al., 2016; Morgan et al., 2016).

Despite the advances made in characterizing the condi-
tions associated with relatively high coral cover (e.g.,
Darling et al., 2019; Robinson et al., 2018), most studies
addressing this topic have favored biophysical and
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socioeconomic covariates of reef condition at large spatial
scales (i.e., tens of thousands of kilometers). This focus has
proved useful for understanding macroecological patterns
on coral reefs but is less useful for the management of reefs
at the scales typical of most management regimes
(i.e., hundreds of kilometers). The essence of the oasis con-
cept (sensu Guest et al., 2018) is to identify reefs that may
be targeted for effective conservation and management
based on their relatively high and stable coral cover, but this
goal requires the capacity to predict the occurrence of oases
at spatial scales relevant for management. Recognizing that
a coordinated international effort to secure the future of all
the world’s reefs is needed (Hoegh-Guldberg et al., 2018),
here we focus on a gradient of spatial scales within the
sociopolitical entity of the United States and U.S. Territories
as a case study for identifying effective predictors of the
occurrence of coral reef oases. We used occupancy models
with imperfect detection (MacKenzie et al., 2002) to predict
the probability of occurrence of a coral reef oasis for spatial
units of typical remotely sensed data sets (i.e., 21.2 km2)
rather than trying to predict coral cover at specific sites. We
considered explicitly the effect of spatial scale when
predicting the occurrence of coral reef oases by adjusting
the spatial extent (sensu Wiens, 1989), i.e., the area over
which we defined oases and standardized covariates. For
example, we expected mean sea-surface temperature to be
associated positively with oasis occurrence at the cross-
basin extent, consistent with the global distribution of tropi-
cal coral reefs (Robinson et al., 2018; Williams, Gove,
et al., 2015). However, the strength or direction of this asso-
ciation may not hold at regional or subregional extents
depending on the degree of localized adaptation or acclima-
tization in corals (Oliver & Palumbi, 2011; Palumbi
et al., 2014). The occupancy modeling framework presented
here can be applied to any ecosystem in which oases of high
organismal abundance (or diversity, ecosystem function,
etc.) can be defined and in situations where identifying pre-
dictors of their occurrence is desirable.

METHODS

Previously, we developed a framework for identifying
coral reef oases based on spatiotemporal variability in
coral cover (Guest et al., 2018). An “oasis” was conceptu-
alized as a reef site (10–100m2) exhibiting consistently
higher coral cover relative to other sites within the same
region (�80–17,000 km2); “consistently” referred to the
proportion of occasions over a decadal scale when a reef
exhibited coral cover above the regional mean value.
Here, we evaluated whether the locations of coral reef
oases could be predicted from environmental conditions.
Modeling the probability of occurrence of coral reef oases

required data over a large spatial extent, which was
obtained at the expense of temporal sampling at any one
site. Therefore, if we wish to use “snapshot” data
(i.e., from a single survey) instead of time-series data, we
must evaluate the assumption that snapshot data of coral
cover can be used to identify reef oases with an effective-
ness that is similar to that achievable using results of sur-
veys over multiple years (as in Guest et al., 2018). This
was done by calculating the sensitivity (true positive rate)
and specificity (true negative rate) of oasis detection
using simulations of the spatiotemporal data in Guest
et al. (2018) (Appendix S1: Figure S1). The sensitivity of
oasis detection was high (>95%) for three of four geo-
graphic regions included in Guest et al. (2018), even
when only 1 year of the time series data was used
(Appendix S1: Figure S1). The specificity of oasis detec-
tion was also very high (>95%) for all four regions. These
results demonstrate that using snapshot data to designate
oases may occasionally overlook exceptional sites but will
rarely misidentify an average or below-average site as an
oasis. Given these results, we conceptualized a coral oasis
as a reef site that exhibited higher coral cover relative to
sites within a defined spatial extent based on a single sur-
vey during the study period.

In order to evaluate the occurrence of coral oases, we
sought biotic data in the public domain that provided:
broad spatial coverage (i.e., sampling across millions of
square kilometers), large sample size (i.e., thousands of
sites), and random selection of sites. Data from the
United States National Oceanic and Atmospheric Adminis-
tration’s (NOAA) Coral Reef Conservation Program’s
(CRCP) National Coral Reef Monitoring Program met these
criteria and were accessed for a 6-year period (2012–2017).
The data were structured according to the following spatial
hierarchy: cross-basin, basin, region, and subregion
(Appendix S1: Section S1 and Appendix S2: Table S1).
Regional and subregional scales are most relevant to reef
management (NOAA Coral Program, 2014). The cross-basin
spatial extent included the entire data set, while the basin
spatial extent was applied to the western Atlantic and
Pacific (0.6–1.2� 106 km2). Nested within these two basins
were seven regions (Florida, Puerto Rico, U.S. Virgin
Islands, main Hawaiian Islands, northwest Hawaiian
Islands, Mariana Islands, American Samoa; 0.4–11� 104

km2, median = 4.4� 104 km2) and 32 subregions
(e.g., Tortugas, lower Keys, middle Keys, upper Keys, and
southeast Florida in the Florida region, as well as islands in
most other regions; 8–12,000 km2, median = 572 km2). At
each site (n = 3766), coral cover was assessed for a 30-m
transect using photographic images of 0.7-m2 quadrats.
Using these data, the total cover of all reef-building corals
(including the octocoral Heliopora coerulea and the hydro-
zoan Millepora spp.) was calculated for each reef. The
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period sampled for these data included worldwide
bleaching events that occurred between 2014 and 2017
(Eakin et al., 2019). Therefore, we tested whether the year
in which reefs were sampled influenced coral cover by com-
paring a linear mixed-effects model (random intercepts of
subregion) with a coefficient for year to a null model with
only an intercept term. We found no effect of year on coral
cover during our study (χ2 = 0.08, p = 0.78; Appendix S1:
Figure S2).

We chose 10 environmental covariates hypothesized
to be associated with oasis occurrence either at a broad,
macroecological spatial extent over millions of square
kilometers, or at smaller spatial extents over hundreds of
square kilometers relevant for local management, or both
(Appendix S1: Table S2). Covariates were resolved at the
2.5 arc-minute scale (21.2 km2) at varying temporal reso-
lutions. For each grid cell (n = 890), we calculated the
mean and coefficient of variation of monthly sea-surface
temperature (SST; �C) and monthly light attenuation
(Kd490, m

�1) from 2003 to 2017 (Appendix S1: Section-
S1). Light attenuation, as measured by Kd490, results
from suspended particles (which both absorb and scatter
light) and dissolved organic matter (DOM; which only
absorbs light). In contrast, turbidity describes only parti-
cles, and thus we do not use the term turbidity to
describe Kd490. We also retrieved published estimates
(Yeager et al., 2017) of primary productivity (mean of
weekly means, 2003–2013; mg Cm�2 day�1), wave energy
flux (mean of weekly means, 1971–2009; kWm�1), land
area ≤50 km from each site (km2), and human population
density (in 2015) ≤50 km from each site. Finally, we cal-
culated the total number of category 3, 4, and 5 storms
(on the Saffir-Simpson scale) passing ≤100 km from each
site during the 30 years prior to the year of sampling
(Knapp et al., 2010). We did not include seawater depth
as a predictor in the model because depth varies consider-
ably within a 2.5 arc-minute grid cell, and moreover, the
NOAA sampling protocol uses stratified random sampling
by depth (e.g., 0–6, 6–18, 18–30m depth in the Pacific; 0–
10, >10 m depth in the Atlantic). In addition, a statistical
analysis demonstrated no effect of depth on coral cover in
our data set (Appendix S1: Figure S3).

Once we had assembled a database of coral cover
and the environmental covariates, we proceeded with a
workflow to generate a gridded database of coral oases
(Figure 1). Coral oases exhibiting exceptional coral
cover relative to nearby sites were defined at the four
spatial extents. A site was considered exceptional if its
coral cover was >2 standard deviations (SD) above the
mean coral cover of sites (i.e., z score > 2) within the
chosen spatial extent; a site could be considered an
oasis at one spatial extent but not another. This thresh-
old was set higher than the z score of >0 applied in

Guest et al. (2018) because “snapshot” data were used
in the current analysis. A higher threshold to detect
coral oases was necessary to achieve the high sensitiv-
ity and specificity of oasis designation (Appendix S1:
Section S1).

To evaluate how the environmental covariates of oasis
designation varied spatially, we compared qualitatively the
results of four statistical models, one for each spatial
extent, in which the covariates were standardized at the
same spatial extent at which we defined the oases
(Appendix S1: Figures S4–S7). By standardizing predictors
relative to each spatial extent, an increase of one unit will
differ (in absolute terms) between each basin, region, or
subregion, but the relative increase is consistent. This is
different from most global-scale syntheses of ecological
data, where predictors are scaled relative to the entire data
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F I GURE 1 A schematic of the steps necessary to proceed from

a database of ecological surveys and environmental covariates to

predictions of oasis occurrence.
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set (e.g., Cinner et al., 2016; Darling et al., 2019). To avoid
multicollinearity, we removed predictors with the highest
variance inflation factors (VIFs) and Pearson correlation
coefficients (r) sequentially until all VIFs were <3 and cor-
relation coefficients were <0.7 (Appendix S1: Table S3).
Land area was correlated strongly with human population
density at cross-basin (r = 0.84), basin (r = 0.83), and
regional extents (r = 0.74); land area was therefore
removed from all analyses. Mean SST was correlated
strongly with the CV of SST at the basin scale (r = �0.80)
and had a high VIF (3.0) at the cross-basin scale; mean
SST was therefore removed from analysis at those two spa-
tial extents.

Because coral oases are uncommon (by definition),
any given grid cell is unlikely to harbor an oasis. Model-
ing the true oasis occurrence (presence/absence) in a grid
cell is challenging because an absence of detected oases
can arise from more than one process. Zeros can occur in
a grid cell because that cell truly does not harbor an oasis
or because we did not sample an oasis even though an
oasis truly occurs in the cell. We considered these two
processes independently with a site occupancy model
(Appendix S2: Section S1). We assumed that the true
state of oasis occupancy (i.e., occurrence) did not change
over the course of the study because there was no evi-
dence for trends in coral cover (Appendix S1: Figure S2).
We modeled the true probability of oasis occurrence
using a deterministic equation with the environmental
covariates, and the detection probability using a binomial
distribution with the number of trials (sampled sites) and
successes (oases). We used group-level intercepts for sub-
regions to allow for the non-independence of occurrence
and detection. Our approach permitted inferences about
oasis occurrence at spatial extents of tens to hundreds of
square kilometers, rather than at individual sites (<100
m2). It also reflected the available resolution (21.2 km2)
of many of our chosen socioenvironmental predictors.

Site occupancy models were conceived originally with
respect to modeling the occurrence of species when the
process of detection is imperfect (MacKenzie et al., 2002).
When considering the detection of species, there are
many reasons why a species may not be detected at a site
(e.g., weather conditions, observer skill). Thus, detection
probability in the species occupancy framework is esti-
mated from repeated visits to the same site. In our case,
however, detection probability was estimated from multi-
ple sites (sampled only once) within a grid cell, and thus
detection probability for a grid cell is a consequence of
variation in space (and necessarily time, for logistical rea-
sons). Therefore, detection in our modeling framework
can be interpreted as the spatial consistency of detecting
oases. For example, a high probability of oasis detection
indicates that, within a particular grid cell, a high

proportion of sites will exceed the chosen threshold of
coral cover. In our models, we allowed detection proba-
bility to vary by subregion due to expected natural vari-
ability in the spatial consistency of oases.

Models were fit in a Bayesian framework. We dis-
carded the first 40,000 iterations of each Markov chain as
warm-up, fit the models with 80,000 iterations per chain,
and retained every 10th sample to reduce autocorrelation
and file size; this resulted in a posterior sample of 8000
for each chain (24,000 iterations per parameter). We visu-
ally inspected the chains for convergence, confirmed that
the upper confidence interval (97.5th percentile) of the
scale-reduction factor (Rhat) was <1.05 for all parameters
of each model, and ensured that the minimum effective
sample size (neff) was >1000 for all the parameters
(Gelman et al., 2013). To assess model fit, we used graph-
ical posterior predictive checks of observed and simulated
data. We also calculated Bayesian p values for the dis-
crepancy between the observed number of oases and sim-
ulated values using a Pearson χ2 metric and a Freeman-
Tukey metric, the latter being less sensitive to small
expected values than the former (Kéry & Royle, 2016).
Extremely small Bayesian p values (p< 0.05) indicate
that the model predicted a smaller metric (e.g., the num-
ber of oases per grid cell) than observed in the data;
extremely large Bayesian p values (p< 0.95) indicate that
the model predicted a larger metric than observed in the
data. Models were fit using a Gibbs sampler
(Plummer, 2003) in R 4.0.3 (R Development Core
Team, 2020). All data and code have been deposited in a
permanent digital repository (Elahi et al., 2021).

The posterior predictive checks were useful to assess
model fit but we sought to use the model in a more prac-
tical way relevant to reef managers. Specifically, we used
the estimated probability of oasis occurrence (per grid
cell) to inform the selection of grid cells for management
and determined how this model-based selection per-
formed against a null model with respect to choosing
cells with a detected oasis. For each Markov chain itera-
tion, we selected the cells with the highest estimated
probability of oasis occurrence and then calculated the
total number of selected cells with an oasis detection.
The total number of selected cells was equivalent to the
observed number of cells with detected oases, at the
appropriate spatial extent. That is, for the cross-basin
analysis, at least one oasis was detected in 116 of 890 cells,
and thus we selected 116 cells with the highest probabil-
ity of oasis occurrence at every iteration; the response of
interest was the percentage of these cells with an oasis
detection. This procedure resulted in a posterior distribu-
tion of the percentage of oasis detection in cells chosen
by the statistical model, derived from the posterior proba-
bility distributions of the model parameters. We
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compared the performance of our statistical model to a
null model, which selected cells randomly from each
level (as appropriate) in the hierarchy. For example, at
the basin scale, 66 cells were chosen from the western
Atlantic and 59 cells were chosen from the Pacific, and
similarly, for regions and subregions. In an extreme case,
if a subregion did not harbor any oases, the null model
did not sample any cells from that subregion. Thus, the
null model used more information than choosing cells
entirely at random.

RESULTS

Across the entire data set of sites in the United States and
U.S. Territories, mean coral cover was 11%� 14% (mean
� SD; n = 3766) from 2012 to 2017. Our designated
threshold for a coral oasis at the cross-basin scale was
39.3% coral cover (Figure 2a). In the western Atlantic
(n = 1994) and Pacific (n = 1772) ocean basins, mean
coral cover was 7%� 8% and 16%� 17%, respectively,
and the corresponding oasis thresholds were 23.5% and
50.6% coral cover (Figure 2a). At the regional scale, mean
coral cover ranged from 7% to 8% (SD 8%) in the western
Atlantic, and 12%–26% (SD 13%–18%) in the Pacific.
Corresponding oasis thresholds ranged from 23.1% to
23.9% in the western Atlantic, and 40.5% to 61.9% in the
Pacific. At the subregional scale, mean coral cover ranged
from 2% to 33% (SD, 3%–23%) and oasis thresholds at this

scale ranged from 7% to 67% coral cover. Given the differ-
ences in mean coral cover between the ocean basins, the
percentage of sites classified as oases depended on the
spatial extent at which oases were defined. When oases
were defined at the cross-basin extent, the percentage
of sites identified as oases in the Pacific was highest
(5%–23% of sites), while oases were rare in the western
Atlantic (0.1% of sites; Figure 2b). However, when coral
oases were defined at the regional extent, the percentage
of sites categorized as oases ranged from 4% to 8% and
was similar between the western Atlantic and Pacific
basins. At the subregional extent, the percentage of sites
categorized as oases ranged from 0% to 10%.

Similar to the results for oases, the spatial extent at
which environmental correlates were standardized influ-
enced patterns across regions. When standardized to the
entire data set (i.e., the cross-basin extent), environmental
correlates displayed considerable variation within and
between ocean basins (Appendix S1: Figure S4). Pacific
sites displayed lower primary productivity, higher mean
wave exposure, and fewer storms than sites in the western
Atlantic. Sea-surface temperature (SST) differed greatly
among regions in both ocean basins, reflecting the latitudi-
nal range of the sites included in our data set. However,
when standardized at regional and subregional extents,
these inter-ocean differences were largely eliminated
(Appendix S1: Figures S5–S7).

We used Bayesian hierarchical occupancy models to
estimate the probability of occurrence of oases at
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F I GURE 2 The proportion of sites classified as coral cover oases in a region depends on the spatial extent of comparison. In (a), coral

cover (%) is plotted for each site (n = 3766), represented by small translucent points colored according to ocean basin (blue, western

Atlantic; orange, Pacific). The gray line represents the threshold of coral cover (mean+ 2 SD) above which a given site is designated an oasis

for the entire data set (cross-basin). Similarly, the colored lines represent the threshold for all regions within each basin. The black squares

represent the threshold for each region. The raw data in (a) are summarized in (b), where the percentage of sites classified as oases is plotted

for each region and spatial extent.
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different spatial extents. The models fit the data well, as
indicated by graphical posterior predictive checks and
Bayesian p values between 0.12 and 0.46 (Appendix S1:
Table S4). Therefore, we proceeded with inference on the
estimated parameters. To aid in the discussion of the
environmental covariates of occurrence of oases, we
describe a positive or negative association between a
covariate and the probability of an oasis when the 80%
Bayesian credible intervals (CI) did not include zero
(Figure 3). When the 80% CI did overlap zero, we consid-
ered these trends to be less credible; we discuss these less
credible trends in the context of the proportion of Markov
chain iterations (pmc) that were greater or less than
0 (Appendix S1: Table S5).

The most consistent and credible predictors of oasis
occurrence were mean light attenuation and human pop-
ulation density (Figure 3). Mean light attenuation was
correlated positively with oasis occurrence at all spatial
extents (0.89 < pmc≤ 1), but this effect was less credible
at the cross-basin extent. Human population density was
correlated negatively with oasis occurrence at all spatial
extents (0.78 < pmc≤ 0.97), but this effect was most credi-
ble at the cross-basin and subregional extents. Variability
in SST was correlated negatively with oasis occurrence at
the cross-basin and basin extents (0.85 < pmc≤ 0.88) but
was associated positively with oasis occurrence at
regional and subregional extents (pmc > 0.89); the stron-
gest effect was observed at the regional scale (Figure 3).
Due to the negative correlation between the mean and
CV of SST at large spatial extents, we included mean SST

as a predictor in the model only for the two smallest spa-
tial extents. At the regional scale, mean SST was associ-
ated positively (pmc = 1) with oasis occurrence, but there
was no effect at the subregional scale. Variability in wave
energy was correlated negatively with oasis occurrence at
the cross-basin scale (pmc > 0.96) but this negative rela-
tionship became weaker with smaller spatial extents and
eventually positive at the subregional scale (pmc > 0.79).
The remaining predictors had minimal influence on the
probability of oasis occurrence (Figure 3).

Estimates of oasis occurrence (median ψ) varied
between subregions at all spatial extents (Figure 4). There
was also considerable variability in median ψ within sub-
regions (i.e., interquartile ranges in Figure 4), reflecting
variation in the environmental predictors among grid
cells. For example, the Lower and Upper Florida Keys at
the basin and regional scales displayed more variation in
median ψ than the Middle Keys and the Tortugas subre-
gion (Figure 4). At the subregional extent, median ψ was
similar among and within subregions, because oases were
defined in each subregion. In general, the estimated
median ψ was higher than the observed proportion of
oases (i.e., naïve occurrence; diamonds in Figure 4).
However, in a few subregions at certain spatial extents
(e.g., Molokai at cross-basin, basin, and regional extents),
naïve occurrence was comparable to estimated occur-
rence, owing to higher detection probabilities (p) in those
subregions (Figure 5). That is, when detection probability
is low, the naïve estimate of occurrence will necessarily
be an underestimate of true occurrence (MacKenzie

Cross-basin Basin Region Subregion

−2 0 2 −2 0 2 −2 0 2 −2 0 2

Human population density

Storms

Wave energy (CV)

Wave energy (mean)

Primary productivity (CV)

Primary productivity (mean)

Light attenuation (CV)

Light attenuation (mean)

SST (CV)

SST (mean)

Standardized coefficient

F I GURE 3 Relationships between covariates and the probability of oasis occurrence (ψ) vary with spatial extent. Standardized

coefficients are Bayesian posterior median values with 95% and 80% credible intervals (thin and thick lines, respectively). Points and credible

intervals are colored black when the intervals do not overlap 0. Each panel represents the spatial extent at which the covariates were

standardized; from left (cross-basin) to right (subregion), the relationships shift from a macroecological perspective to a local perspective.

SST, sea-surface temperature; CV, coefficient of variation.
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et al., 2002). An extreme case of this discrepancy was
observed in the northwest Hawaiian Islands. In the
French Frigate subregion, naïve occurrence was relatively
high (and comparable to the lower bounds of median ψ)
at cross-basin, basin, and regional extents. However,
naïve occurrence dropped to zero at the subregional
extent because no sites exceeded the coral cover thresh-
old at the subregional extent (67.7%), and thus no oases
were detected (Figure 4).

A high detection probability (p) indicates that within a
grid cell, a high proportion of visited sites was defined as
an oasis. Similar to the probability of occurrence, the prob-
ability of detection was permitted to vary by subregion in
our hierarchical model. In general, detection probability
was low (<0.1) and varied considerably within subregions

at the cross-basin extent, except for a few Pacific subre-
gions (e.g., Molokai and Manua Islands). At the basin and
regional spatial extents, detection probability tended to
increase and become less variable, particularly for subre-
gions with low detection probability at the cross-basin
extent (e.g., the western Atlantic). At the subregional
extent, detection probability was the lowest and least vari-
able, owing to the definition of oases at that extent.

The occupancy model performed consistently better
than a null model when selecting a subset of cells based
on predicted oasis occurrence (ψ; Appendix S1:
Figure S8). The median percentage of selected cells with
oasis detections ranged from 25% to 29% for the occu-
pancy model, but 13%–20% for the null model. The perfor-
mance of the null model improved as spatial extent

Cross-basin Basin Region Subregion

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8

St. Thomas
St. J & St. T offshore

St. Croix
St. John

Puerto Rico, north
Puerto Rico, east

Puerto Rico, southwest
Southeast Florida

Keys, upper
Keys, middle

Tortugas
Keys, lower

Rota
Guam

Marianas, middle
Marianas, lower
Marianas, upper

Kure
Pearl & Hermes

Lisianski
French Frigate

Niihau
Kauai
Maui

Molokai
Kahoolawe

Oahu
Hawaii
Lanai
Rose

Tutuila
Manua Islands

Probability of oasis occurrence (ψ)

American Samoa

Main
Hawaiian Islands

Northwest
Hawaiian Islands

Mariana Islands

Florida

Puerto Rico

U.S. Virgin Islands

F I GURE 4 The probability of oasis occurrence (ψ) within each subregion and by spatial extent. Boxplots indicate the median and

quartiles of posterior median probability of oasis occurrence for grid cells within each subregion. Diamonds indicate the observed proportion

of grid cells with an oasis (i.e., naïve oasis occurrence).
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declined, a consequence of how oases were defined. For
example, if oases were defined within a subregion, the
probability of randomly selecting a cell with a detected
oasis in that subregion was higher due to a higher proba-
bility of oasis occurrence (by definition) and a smaller
sample of grid cells.

Estimates of oasis occurrence and detection probabil-
ity aggregated by subregion (Figures 4 and 5) offer a use-
ful summary of the model output. However, reef
managers make decisions about management in a spatial
and environmental context. Across the entire data set,
light attenuation and SST (mean and CV) were associated
positively with oasis occurrence at the regional spatial
extent (Figure 3). Therefore, we examined these predic-
tors in a case study of four subregions in Florida at the
regional extent (Figure 6), omitting one subregion (south-
east Florida) due to nearly zero oasis occurrence

(Figure 4). Nearly all the surveyed grid cells in these four
subregions were within the boundaries of the Florida
Keys National Marine Sanctuary, Florida State Parks, or
U.S. National Parks (Figure 6a). The probability of oasis
occurrence was highest in the Tortugas subregion (which
includes the Dry Tortugas and the Marquesas Keys) and
nearshore grid cells (i.e., containing Hawk Channel
patch reefs) in the Florida Keys. Particularly in the
Keys, the median probability of oasis occurrence was
associated with high light attenuation (Figure 6b) and
SST variability (Figure 6c). Notably, light attenuation
was correlated positively with SST variability
(Appendix S1: Figure S9), and the latter was correlated
negatively with mean SST (Appendix S1: Figure S10).
Together, these patterns of covariance resulted in a
lower probability of oasis occurrence in warmer waters
(Appendix S1: Figure S10), contrary to the overall

Cross-basin Basin Region Subregion

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
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St. John

Puerto Rico, north
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Kahoolawe

Oahu
Hawaii
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F I GURE 5 The probability of detecting an oasis (p) for each subregion and by spatial extent. Probabilities are Bayesian posterior

median values with 95% and 80% credible intervals (thin and thick lines, respectively).
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model results at the regional extent (Figure 3). In con-
clusion, given the data and model, the Tortugas subre-
gion and nearshore waters of the Florida Keys are most
likely to harbor coral oases in Florida, and are within
the boundaries of existing managed areas. Maps of the
probability of oasis occurrence for all the subregions
are available in the permanent digital repository (Elahi
et al., 2021).

DISCUSSION

The selection of a spatial or temporal scale at which to
view ecological patterns affects the interpretation of their

underlying causes, and consequently, has implications
for ecosystem management. One aspect of spatial scale is
the area encompassed by the study, referred to as spatial
extent. In this study, we first showed that the choice of
spatial extent (cross-basin, basin, region, and subregion)
determined whether sites were designated as coral oases.
Next, we used occupancy models to test the effects of
environmental covariates on the designation of oases
across different spatial extents. Finally, we applied model
predictions to a case study in Florida to demonstrate the
utility of our approach to ecologists and managers.

The designation of sites as oases is a necessary first
step in determining their association with environmental
correlates. Central to this designation is identifying the
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F I GURE 6 The median probability of oasis occurrence (ψ) in grid cells of four subregions (Tortugas, Lower Keys, Middle Keys, Upper

Keys) in Florida, USA, plotted geographically (a) and as a function of mean light attenuation (Kd490, m
�1; b) and the coefficient of variation

(CV) in monthly sea surface temperature (SST in �C; c). Oases were defined at the regional spatial extent, i.e., across the five subregions in

Florida (the southeast Florida subregion was not included in the map for figure clarity). In (a), grid cells represent 21.2 km2 areas that were

surveyed for coral cover at least once. Light, medium, and dark purple polygons represent areas within United States National Parks, the

Florida Keys National Marine Sanctuary, and Florida State Parks, respectively. In (b) and (c), error bars are 50% credible intervals.
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benchmark for comparison. As a result of differences in
average coral cover, the designation of a site as an oasis
depended on the spatial extent. The 50% coral cover
threshold required to classify a site as an oasis in the
Pacific Ocean was far greater than the 23% required to
classify a site as an oasis in the western Atlantic. The
baseline levels of coral cover between these two ocean
basins are striking and the difference is likely related to
basin-scale discrepancies in the ability of coral communi-
ties to recover from disturbances. These discrepancies have
been hypothesized to stem from variation in species redun-
dancy within functional groups (sensu Rosenfeld, 2002),
the propensity of macroalgal blooms, and herbivory
(Roff & Mumby, 2012). In our study, sites in the western
Atlantic displayed higher levels of net primary productivity,
more major storms, and lower wave energy than sites in
the Pacific, highlighting the distinct environments of the
sites in these basins (Appendix S1: Figure S4). Despite
these stark differences, our models highlighted several use-
ful environmental predictors of oasis occurrence across
basins.

The strongest and most consistent predictor of oasis
occurrence was light attenuation in seawater (Kd490).
Higher values of Kd490 represented greater light attenua-
tion and thus lower water clarity and vice versa. The
remotely sensed measurement of light attenuation is
influenced simultaneously by a number of physical and
biological processes in the water column and can have
both positive and negative effects on coral physiology.
For example, solar irradiance is an important require-
ment for reef corals to sustain symbiont photosynthesis
(Falkowski et al., 1990), but excessive light can exacer-
bate temperature-related bleaching in corals (Lesser
et al., 1990). Protection from high light, through cloud
cover or productive nearshore waters, can ameliorate
coral bleaching associated with exceptional warming
events (Fitt & Warner, 1995; Mumby et al., 2001).
Another possible explanation for the positive effect of
light attenuation could be increased plankton availability
for heterotrophic feeding by corals, which can help some
species better resist or recover from heat stress (Grottoli
et al., 2006). Turbidity, however, is typically considered a
stressor to corals that requires specific mechanisms of
adaptation (Anthony & Larcombe, 2000) due to the
smothering effects of sedimentation and associated
reductions in available light for photosynthesis
(Kleypas, 1996). We found that mean light attenuation
was associated positively with the occurrence of coral
oases at all spatial extents, suggesting a net advantage of
high light attenuation (i.e., low water clarity) for total
coral cover.

The relationship between human population density
and the occurrence of oases was consistently negative

(78%–97% probability) and most evident at the largest and
smallest spatial extents. From a causal perspective, human
population size might be deleterious to coral cover because
it is associated with activities that have negative effects on
coral health (reviewed in Birkeland, 2015; Dubinsky &
Stambler, 2010). Indeed, other studies carried out over spa-
tial scales similar to our basins and regions have found
that increased proximity to human populations has a dele-
terious effect on coral reef health (Sandin et al., 2008). An
Indo-Pacific-wide study by Darling et al. (2019) found a
negative association between human population size and
coral cover, mediated primarily through declines in abun-
dance of corals assigned to stress tolerant and generalist
functional groups. However, in a global analysis, Bruno
and Valdivia (2016) found only a weak relationship
between human population size and coral cover, leading
them to suggest that local-scale reef management was
unlikely to increase the resilience of coral cover to global-
scale disturbances. These previous studies, and our mixed
results, support the notion that the relationship between
human population size and coral abundance is complex.
For example, reefs in marginal environments, close to
urban centers, with relatively high rates of sedimentation
can be resilient with high cover and diversity of corals
(e.g., Singapore; Guest et al., 2016, and nearshore Great
Barrier Reef; Morgan et al., 2016). Moreover, the estimate
of human population density does not account for sea-
sonal tourist populations, which may be considerable in
certain regions and subregions. On balance, human popu-
lation density may sometimes, but not always, serve as a
proxy for the causal drivers of reef decline.

The effects of sea-surface temperature (SST) on oasis
occurrence were variable and depended on spatial extent.
High SST variability was associated negatively with low
oasis occurrence at cross-basin and basin scales (>84%
probability), but positively at the regional and subre-
gional scales (>88% probability). At large spatial extents,
SST variability was correlated negatively with mean SST,
and thus the negative association between SST variability
and oasis occurrence likely reflects the macroecological
pattern of greater coral cover at lower latitudes
(Robinson et al., 2018). At small spatial extents, our
results agree with observations of lower bleaching rates
on reefs exposed to more variable SST (Safaie et al., 2018;
Sully et al., 2019), as well as evidence that corals have at
least some capacity to acclimatize and adapt to thermal
variation, thereby increasing their tolerance of high tem-
peratures (Coles & Riegl, 2013; Oliver & Palumbi, 2011;
Palumbi et al., 2014).

The other predictors we considered in our models
were primary productivity, wave energy, and storms, all
of which demonstrated weak and variable associations
with oases. We found no association between primary
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productivity and the occurrence of coral oases, in contrast
to the negative association between primary productivity
and coral cover reported for the Indo-Pacific (Darling
et al., 2019), and the positive association between water-
column chlorophyll a concentration and coral cover in
the central western Pacific (Robinson et al., 2018; Wil-
liams, Gove, et al., 2015). We also found no association
between oasis occurrence and storms. This may be a con-
sequence of the spatial resolution of this predictor
(storms within a 100-km radius of a site), because it is
well known that storms can damage reefs at local spatial
scales (Massel & Done, 1993; Woodley et al., 1981).
Lower variability in wave energy was associated weakly
with a higher probability of oasis occurrence, but only at
the cross-basin extent. This is likely due to unusually low
levels of variability in wave energy in American Samoa
(Appendix S1: Figure S4), which also had the greatest
number of oases at the cross-basin extent (Figure 2). In
conclusion, the utility of primary productivity, wave
energy, and storms as predictors of oasis occurrence
appears minimal.

Oasis occurrence is best conveyed in a spatial context,
and thus we used Florida as a case study to emphasize
the model predictions at the regional extent. Many subre-
gions in Florida are degraded and harbored very few
oases at cross-basin or basin extents, owing to widespread
coral mortality caused by a multitude of disturbances
(Palandro et al., 2008; Ruzicka et al., 2013). Notably, all
the sites in the Florida Keys and Tortugas subregions
were located in managed areas (State or National Parks;
National Marine Sanctuary), but the specific levels of pro-
tection and enforcement are likely to vary between and
within these managed areas, and only small areas of reef
are completely protected at the level of “no-take”
(Keller & Causey, 2005; Kuffner et al., 2009). Somewhat
paradoxically, the nearshore waters closest to the human
settlements of the Keys, with relatively high light attenu-
ation and thermal variability, were most likely to harbor
coral oases. Indeed, in the Florida Keys (2003–2012),
coral bleaching was associated with high light levels
(Barnes et al., 2015), consistent with the positive effect of
light attenuation on oasis occurrence in our study. In
Florida, light attenuation covaried with the mean and
variability of SST. Notably, due to the covariance between
these three predictors at the regional extent in Florida
(but not across the entire data set), the model inference
regarding mean SST (positive effect on oasis occurrence;
Figure 3) did not hold in Florida. That is, oases were less
likely to be associated with higher mean SST
(Appendix S1: Figure S10). This counterintuitive result
cautions against relying on inferences drawn from the
entire data set when focusing on specific areas. This
warning extends beyond our study, because synthetic

studies typically screen for covariance in predictors for
the entire data set (as we did) but does not preclude the
potential for covariance in smaller subsets of data. In
summary, the occupancy model was able to identify
promising areas in Florida for increased protection of
potential source populations, but attributing oasis occur-
rence (or any measure of coral reef condition) to causal
drivers remains problematic.

Our focus on oases is but one approach for the identi-
fication of potential candidates for marine spatial plan-
ning. For example, the “bright spots” approach identifies
sites that are exceptional relative to model predictions
(Cinner et al., 2016), as opposed to the simpler (model-
free) approach based on relative coral cover employed in
our oasis approach. Sites identified as both oases and
bright spots warrant particular attention, and any dis-
crepancies between the two approaches would likely
result in value-based decision making. A simpler
approach is a universal threshold of coral cover, such as
10%, to help inform decisions regarding protection or res-
toration (Darling et al., 2019). In the latter case, sites with
at least 10% cover of framework-building corals, also
associated with low thermal stress (e.g., degree heating
weeks), would be prioritized for protection whereas sites
with higher thermal stress would be targeted for restoration
efforts (Darling et al., 2019). Given our results, we support
the inclusion of light attenuation as another key environ-
mental feature for consideration by managers. A local proxy
for this can be obtained through remote sensing of Kd490,
as in the present study, but values in nearshore, shallow,
and turbid environments are best measured by underwater
sensors.

One advantage of the oasis approach in identifying
reefs for enhanced protection is an explicit consideration
of the detection vs. occurrence processes, permitting
inference for �5� 5 km areas, rather than individual
sites. The management of coral reef resources frequently
relies on limited sampling, and the use of occupancy
models offers an explicit way to cope with this limitation.
Random sampling is of great importance in the selection
of reefs for quantitative surveys used in the construction
of occupancy models, both for inference and to permit
the extrapolation (if desired) of predicted oasis occur-
rence to unvisited areas. Although random sampling is
widely accepted as an important aspect of coral reef mon-
itoring, syntheses of coral reef condition typically do not
report how (or whether) randomization was employed
for site selection. For this reason, and because the present
analysis yielded different inferences depending on how
the data were partitioned (by spatial extent), we caution
against relying on a single analysis for the “best” predic-
tors of reef condition. Instead, it is preferable to empha-
size consistent results within a study (e.g., light
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attenuation for coral oases; this study) or across studies
(e.g., thermal variability for coral bleaching; Safaie
et al., 2018; Sully et al., 2019).

Under a predict-and-prescribe approach to reef man-
agement (sensu Webster et al., 2017), our framework
could be used to identify and protect areas where sites
are likely to maintain high coral cover despite ongoing
anthropogenic disturbances. For example, at regional
spatial extents, grid cells with high SST variability and
strong light attenuation were more likely to harbor coral
oases. For oases at subregional extents, areas with lower
human population density may also be prioritized for
protection. These correlations suggest that oases have
escaped or resisted disturbances related to thermal
bleaching and high human population densities. Implicit
in our framework is that we prioritize the protection of
such oases because they may persist through future dis-
turbance, serve as a larval reservoir for nearby degraded
reefs, and maintain genetic diversity of a broader meta-
population. Protecting the oases may be particularly rele-
vant when the majority of sites in an area are in a
degraded state and oases appear to have escaped or
resisted disturbances (Game et al., 2008). The division of
areas into regions or subregions can reflect ecological fea-
tures (e.g., islands), sociopolitical entities (e.g., U.S. Vir-
gin Islands), or other arbitrary divisions (e.g., sections of
reef), but calls attention to the need for coordination
across such boundaries when considering areas for
targeted management. Although the mechanisms under-
pinning local reef resilience to global stressors are uncer-
tain (Bruno et al., 2019), local conditions do mediate
patterns of coral bleaching in response to widespread
thermal stress (Donovan et al., 2020; Donovan
et al., 2021). Thus, the impetus for management action at
regional and subregional scales remains, despite the
global scale of the climate crisis.
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