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Abstract: Coral disease outbreaks have increased in frequency and extent worldwide
since the 1970s, coinciding with the rapid increase in ocean warming. Summer and
winter temperature-based metrics have proven effective in predicting coral disease out-
breaks in seasonal coral reef regions. However, their utility is unknown in non-seasonal
coral reef areas. Here, a new methodology, independent of seasonal patterns, is devel-
oped for application in both seasonal and non-seasonal coral reef regions. Percentile-
based metric thresholds were defined from seasonal equivalents in the Great Barrier Reef
(GBR) and tested in seasonal and non-seasonal coral reef regions of the tropical Pacific
Ocean. Between new and existing methodologies, median differences of 0.00 ◦C (thresh-
olds) and 0.00 ◦C-weeks (metrics) for Hot Snap and Cold Snap; and 0.01 ◦C (threshold)
and −0.17 ◦C-weeks (metric) for Winter Condition were observed among reef pixels of
the GBR. The new methodology shows strong consistency with the existing tools used
for seasonal regions (e.g., R2 = 0.811–0.903; GBR case studies). Comparisons of the new
metrics with disease observations were constrained by the limited availability of disease
data; however, the comparisons undertaken suggest predictive capability in non-seasonal
regions. To establish robust correlations, further direct comparisons of the new metrics
with disease data across various non-seasonal regions and timeframes are essential. With
ocean warming projected to persist in the coming decades, improving the predictive tools
used to assess ecological impacts is necessary to support effective coral reef management.

Keywords: coral reefs; sea surface temperature; satellite SST; Hot Snap; Cold Snap; Winter
Condition; percentile-based

1. Introduction
Coral reefs are one of the most diverse and economically and ecologically valuable

ecosystems on earth [1]. Driven by ocean warming as a result of climate change, the increas-
ing frequency of coral disease outbreaks has been a global concern since the 1970s [2–4].
Effectively predicting and managing these outbreaks is important for coral reef conserva-
tion. In recent years, explicit correlations between temperature anomalies and their impact
on coral hosts and pathogens, which subsequently contribute to the occurrence of coral
diseases, have been demonstrated by numerous studies [3,5–18]. Due to the diversity of
coral reefs and responses to disease, further investigations into the complex relationship
between thermal anomalies and disease prevalence must include diverse time frames and
geographical regions.

High-quality, long-term global satellite-derived sea surface temperature (SST) datasets
allow the examination of links between temperature anomalies and coral disease dynamics
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across broad spatial scales. Six previous studies have developed or applied remotely-sensed
SST thermal stress metrics to examine their potential as predictors of coral disease outbreaks
in seasonal regions [5,7,8,10,12,14]. However, non-seasonal areas remain understudied,
considering past analyses. Here, a “seasonal” region is defined as a region predominated
by intra-annual variations in SST, with distinct summer and winter seasons, typical of
temperate latitudes; conversely, a “non-seasonal” region exhibits dominant interannual
SST variations with minimal or indistinct seasonal variability, typical of areas closer to the
Equator [19].

Hot Snap, Cold Snap and Winter Condition metrics (◦C-weeks), first developed by
Heron et al. (2010) [5], have been successful in predicting white syndrome (WS) outbreak
risk in the following two seasonal regions: the Great Barrier Reef (GBR) and the Hawai-
ian archipelago [5,8]. The three metrics incorporate the magnitude and duration of SST
anomalies above or below defined seasonal average (AV)- and standard deviation (SD)-
based thresholds, which were linked to disease risk [5]. Intense Hot Snaps were posited
to diminish host immunity and elevate pathogen loads, while severe Cold Snaps were
related to pathogen mortality [5]. Warm Winter Conditions were associated with enhanced
host resistance, while mild Winter Conditions (neither anomalously cool nor warm) were
associated with an increased chance of pathogen survival throughout the winter [5]. The
balance between these elements determines the risk of coral disease outbreaks [5].

However, this algorithm had limited success in predicting WS outbreak risk in Guam,
a region with a weak seasonality [10]. This may have been due to the metrics’ inherent
link with seasonal SST variations, upon which the methodology relies, thus limiting its
application in non-seasonal regions.

To address this limitation, a new methodology, which does not rely on consistent
periods of summer and winter between years but rather depends on SST distribution, is
proposed as an alternative to the existing methodology. Percentile-based thresholds [20]
were developed as an alternative to AV- and SD-based thresholds to derive risk metrics
and test their applicability in both seasonal and non-seasonal locations. If successful, this
study could inform the development of new predictive tools for coral disease outbreaks
using percentile-based Hot Snap, Cold Snap and Winter Condition metrics that are broadly
applicable across seasonal and non-seasonal coral reef regions.

2. Materials and Methods
The study sites were within the specific coral reef regions of a NASA-funded project

led by the University of Hawaii (FORE-C: Forecasting coral disease outbreaks across the
tropical Pacific Ocean using satellite-derived data). Twelve reef areas (Figure 1) were
assessed for this as follows: the Great Barrier Reef (GBR; Figure 1.1); Guam and the
Northern Mariana Islands (NMI; Figure 1.2); Howland (Figure 1.3a) and Baker Islands;
Jarvis Island (Figure 1.3b); Wake Atoll; the Hawaiian archipelago and Johnston Atoll;
Palmyra Atoll and Kingman Reef; and American Samoa (including Swains Island). Here,
we focus on four of those sites (GBR, Guam, Howland and Jarvis Islands) for the following
reasons. The GBR (Figure 1.1) is the reef area where the existing AV- and SD-based metrics
were originally developed [5], thus becoming the foundation for the new percentile-based
approach. Guam (Figure 1.2) was included as a focus area to build upon previous work
that revealed the limitations of the existing metrics in this weakly-seasonal region [10],
benefiting from available disease data. Howland and Jarvis Islands (Figure 1.3) were chosen
because they are located within a non-seasonal region, with some disease observation data
available. To augment the analyses for the four focal regions, outcomes from other sites are
available in Supplementary Materials.
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Figure 1. Coral reef regions within the FORE-C project: (1) the Great Barrier Reef (light grey indi-
cates 4412 reef-containing pixels within the coordinate range of [140°E–155°E, 25°S–10°S]); (2) Guam 
and Northern Mariana Islands; (3) Howland (a) and Jarvis (b) Islands (noting the very sparse nature 
of reef locations). Locations where 5 km × 5 km pixel SST data are used in subsequent figures are 
highlighted (light-blue outline); letters (a,b,c) are provided to cross-reference specific pixels. The 
global map shows these and other FORE-C regions (grey boxes) from north to south as follows: 
Wake Atoll, the Hawaiian archipelago, and Johnston Atoll; Palmyra Atoll and Kingman Reef; and 
American Samoa (including Swains Island). The location of Baker Island (0.194°N, 176.477°W) is 
shown as a single dot in panel (3) just to the south of Howland Island (3a). 

SST data were extracted from the Coral Reef Watch (CRW) daily global 5-km satellite 
SST dataset, known as CoralTemp v3.1 [21]. This is a publicly available product of con-
sistent gap-free daily global data at a 5-km (i.e., 0.05°) resolution, spanning 1 January 1985 
to the present [22]. SST values within the dataset are presented with 0.01 °C precision (e.g., 
28.13 °C); they represent nighttime conditions, when sea temperature anomalies at and 
near the surface are more representative of conditions at depth, avoiding the effects of 
diurnal heating [23]. The numbers of reef-containing pixels within each of the regions are 
as follows: GBR, 4412 pixels; Guam and NMI, 155 pixels; Howland and Baker Islands, 12 
pixels; Jarvis Island, 2 pixels; Wake Atoll, 6 pixels; Hawaiian archipelago, 630 pixels; John-
ston Atoll, 23 pixels; Palmyra Atoll and Kingman Reef, 18 pixels; and American Samoa, 
56 pixels. 

Hot Snap, Cold Snap and Winter Condition (units: °C-weeks) are the accumulations 
of daily SST anomalies with respect to location-specific, seasonal thresholds (Figure 2), 
initially developed by Heron et al. (2010) [5] and briefly described here. The summer [or 
winter] average (AV) is the mean of daily SST from the three consecutive warmest (i.e., 
summer) [or coldest (i.e., winter)] months in a 21-year climatological period (i.e., 1985–
2005), calculated with its corresponding standard deviation (SD). The Hot Snap metric 
accumulates when daily SST exceeds the summer AV plus one summer SD (AV+SD), and 
the Cold Snap metric accumulates when daily SST is below the winter AV minus one win-
ter SD (AV–SD; Figure 2). The Winter Condition metric accumulates (i) within the three 
winter months, specific to each pixel; and/or (ii) when daily SST is equal to or below the 

Figure 1. Coral reef regions within the FORE-C project: (1) the Great Barrier Reef (light grey indicates
4412 reef-containing pixels within the coordinate range of [140◦E–155◦E, 25◦S–10◦S]); (2) Guam and
Northern Mariana Islands; (3) Howland (a) and Jarvis (b) Islands (noting the very sparse nature
of reef locations). Locations where 5 km × 5 km pixel SST data are used in subsequent figures are
highlighted (light-blue outline); letters (a,b,c) are provided to cross-reference specific pixels. The
global map shows these and other FORE-C regions (grey boxes) from north to south as follows: Wake
Atoll, the Hawaiian archipelago, and Johnston Atoll; Palmyra Atoll and Kingman Reef; and American
Samoa (including Swains Island). The location of Baker Island (0.194◦N, 176.477◦W) is shown as a
single dot in panel (3) just to the south of Howland Island (3a).

SST data were extracted from the Coral Reef Watch (CRW) daily global 5-km satellite
SST dataset, known as CoralTemp v3.1 [21]. This is a publicly available product of consistent
gap-free daily global data at a 5-km (i.e., 0.05◦) resolution, spanning 1 January 1985 to the
present [22]. SST values within the dataset are presented with 0.01 ◦C precision (e.g., 28.13 ◦C);
they represent nighttime conditions, when sea temperature anomalies at and near the surface
are more representative of conditions at depth, avoiding the effects of diurnal heating [23]. The
numbers of reef-containing pixels within each of the regions are as follows: GBR, 4412 pixels;
Guam and NMI, 155 pixels; Howland and Baker Islands, 12 pixels; Jarvis Island, 2 pixels;
Wake Atoll, 6 pixels; Hawaiian archipelago, 630 pixels; Johnston Atoll, 23 pixels; Palmyra
Atoll and Kingman Reef, 18 pixels; and American Samoa, 56 pixels.

Hot Snap, Cold Snap and Winter Condition (units: ◦C-weeks) are the accumulations of
daily SST anomalies with respect to location-specific, seasonal thresholds (Figure 2), initially
developed by Heron et al. (2010) [5] and briefly described here. The summer [or winter]
average (AV) is the mean of daily SST from the three consecutive warmest (i.e., summer) [or
coldest (i.e., winter)] months in a 21-year climatological period (i.e., 1985–2005), calculated
with its corresponding standard deviation (SD). The Hot Snap metric accumulates when
daily SST exceeds the summer AV plus one summer SD (AV+SD), and the Cold Snap metric
accumulates when daily SST is below the winter AV minus one winter SD (AV–SD; Figure 2).
The Winter Condition metric accumulates (i) within the three winter months, specific to
each pixel; and/or (ii) when daily SST is equal to or below the winter AV plus one winter
SD (AV+SD; to include winter-like conditions outside the defined winter period). Metrics
assessed in winter are used in combination with that from the subsequent summer to predict
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disease outbreak risk [5]. Each metric is initialised to 0 ◦C-weeks annually in its defined
(pixel-specific) reset month; the Hot Snap reset month is three months prior to the start of the
summer months, and the Cold Snap and Winter Condition reset month is two months prior
to the start of the winter months. Metric calculations are illustrated for the SST time-series
from a reef-containing pixel from the offshore, southern GBR region (Figure 2).
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tertime values combine with the subsequent summer conditions to predict disease risk [5], the Hot 
Snap of 3.02 °C-weeks and the Cold Snap of −1.65 °C-weeks predict disease outbreak risk in 2002, 
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arrows along the time axis indicate the summer reset month (i.e., October for Hot Snap) and the 
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Figure 2. Hot Snap, Cold Snap, and Winter Condition metrics (◦C-weeks) for a sample SST time-
series extracted from a 5 km × 5 km reef pixel at 153◦4′E, 24◦22′S for the period from 01 May 2001
to 01 November 2002 (for the panel label, refer to Figure 1). The Hot Snap metric (area in red)
accumulates when temperature exceeds the summer AV plus one summer SD (red dashed line). The
Cold Snap metric (area in blue at left) accumulates when temperature drops below the winter AV
minus one winter SD (bottom blue dashed line). The Winter Condition metric (area in purple at
right) accumulates (1) within the three winter months (period of accumulation), and/or (2) when
temperature is equal to or below the winter AV plus one winter SD (top purple dashed line). As the
wintertime values combine with the subsequent summer conditions to predict disease risk [5], the
Hot Snap of 3.02 ◦C-weeks and the Cold Snap of −1.65 ◦C-weeks predict disease outbreak risk in
2002, while the Winter Condition of −2.48 ◦C-weeks informs disease prediction for 2003. Red and
blue arrows along the time axis indicate the summer reset month (i.e., October for Hot Snap) and the
winter reset month (i.e., May for Cold Snap and Winter Condition), respectively; this is when each
metric is initialised to 0 ◦C-weeks each year. The second axis (at right) illustrates the percentile value
corresponding to each of the SST thresholds specified in this pixel.

2.1. Development of Percentile-Based Thresholds in the Great Barrier Reef

A new percentile-based method for defining the thresholds of the three metrics con-
sistently for both seasonal and non-seasonal regions was developed by analysing data
in the GBR. The percentile values corresponding to the five seasonally-based thresholds
(Figure 2) were determined within the distribution of SST values across the climatology
period (1985–2005) for each of the 4412 reef pixels of the GBR (light grey in Figure 1.1). This
baseline climatology period (1985–2005) is consistent with that of the existing method.

The median percentile from the 4412 GBR pixels was calculated for each of the five
thresholds, to be tested as a new threshold definition. To investigate how the use of
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the percentile-based thresholds altered the metrics, the Hot Snap and Winter Condition
were calculated for 2001/2002 (a period of observed disease). Cold Snap was derived for
2000/2001 as there were no Cold Snap events (i.e., below 0 ◦C-weeks) in 2001/2002 across
the GBR pixels. Differences between the new percentile-based and the existing AV- and
SD-based thresholds and metrics were calculated. The existing (seasonally-based) method
used to define the annual reset timing for each metric was used for this analysis to first
examine the influence of changes in thresholds and metrics.

2.2. Application of the Percentile-Based Methodology to Seasonal and Non-Seasonal Regions

Comparison of the new percentile-based thresholds with the existing AV- and SD-
based thresholds was expanded to other seasonal and non-seasonal regions in the tropical
Pacific Ocean. This required the development of a new, non-seasonally-based definition
of the timings used to annually reset the three metrics. The existing AV- and SD-based
methodology relies upon identifying three consecutive winter or summer months and
setting the annual reset timing for each metric based on that [5]. However, in non-seasonal
coral reef regions, intra-annual SST temporal patterns can vary between years (i.e., interan-
nually). Thus, it was necessary to depart from the existing seasonal approach and develop
the new approach as follows:

1. Calculating rolling averages: A 91-day (i.e., 3-month) rolling average SST time-series
was generated with each value assigned to the centre of the 91-day window. This
smoothing technique was used to identify the broad shape of cold and hot periods
in SST and to filter high-frequency variability. As there were no data for late-1984
in CoralTemp (to contribute to the initial 45 days of the rolling average calculation
in January and February 1985), for the purpose of calculating the 91-day average in
early-1985, the last 45 days of the year 1985 were used as a proxy for the last 45 days
of the year 1984.

2. Determining the coldest and hottest months: The number of days was counted for
each calendar month during which the smoothed SST was equal to or below the
percentile value corresponding to the winter AV during 1985–2005. Similarly, the days
during which the smoothed SST was equal to or exceeded the percentile threshold
corresponding to the summer AV were counted for 1985–2005. The month with the
greatest counts (i.e., highest occurrence frequency) for each was designated as the
coldest and hottest month, respectively. The start months of the three-month coldest
and hottest periods were set to be one month prior to the designated coldest and
hottest months, respectively.

3. Setting the reset time: The definition for when accumulations are reset to zero each
year was chosen in the same way as the existing seasonal method: three months prior
to the start of the three-month hottest period for the Hot Snap metric; and two months
prior to the start of the coldest period for the Cold Snap and Winter Condition metrics.

Metrics derived from the percentile-based thresholds and reset months were applied
to seasonal and non-seasonal coral reef regions in the tropical Pacific Ocean and compared
with those derived using the existing seasonally-based methodology.

2.3. Comparison of the Percentile-Based Metrics with Coral Disease Data in the Howland and
Baker Islands and Guam

The performance of the new percentile-based metrics for predicting disease outbreaks
in non-seasonal and weakly-seasonal coral reef regions was also evaluated through direct
comparison with disease observations. The three percentile-based metrics were compared
with WS disease data from Howland and Baker Islands (non-seasonal) and Guam (weakly-
seasonal) regions. WS is the most prevalent coral disease worldwide [24] and five previous
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studies specifically compared WS prevalence with thermal stress metrics (including the
seasonally-based metrics described here) [5,7,8,10,12].

2.3.1. Howland Island and Baker Island

Two remote islands, Howland Island and Baker Island, have been infrequently sur-
veyed within the NOAA National Coral Reef Monitoring Program (NCRMP) [25]. The
remoteness of the U.S. Pacific Remote Island Areas (Johnston, Wake and Palmyra Atolls;
Kingman Reef; Howland, Baker and Jarvis Islands) limits the capacity for disease observa-
tion, in terms of both access to the locations and timing visits to coincide with outbreaks. A
stratified random sampling design was conducted along a 10 m × 1 m belt transect (10 m2)
at each site. In summary, data on colony density (i.e., the number of colonies per square
metre) and disease prevalence (i.e., the percentage of the total number of colonies with at
least one lesion among those surveyed) were collected at randomly selected reef sites (in
terms of depth, longitude and latitude) in February 2015 and June 2018. A total of 55 sites
were surveyed (21 and 15 sites in Howland Island and Baker Island in February 2015,
respectively; 9 and 10 sites in Howland Island and Baker Island in June 2015, respectively).

The 55 individual surveys were aggregated into four data points—two times (February
2015 and June 2018) for each of Howland Island and Baker Island—for comparison with
satellite metrics. Firstly, the 55 surveys were sorted by depth category (Deep, Mid, Shallow)
for each island (Howland and Baker), as well as by observation year (2015 and 2018). Colony
density and disease density within each depth category were combined for each island
and observation year, resulting in 12 data points for each variable. Total acute (i.e., white
syndrome and tissue loss syndrome) disease prevalence for each of these was calculated
by dividing the cumulative disease density by the cumulative colony density. Finally, the
mean acute disease prevalence for each island and observation year was computed by
averaging the disease prevalence values across the three depth categories. These data
enable the comparison between locations for each observation year, as well as any changes
at each location during the three-year period from 2015 to 2018.

Mean acute (i.e., white syndrome and tissue loss syndrome) disease prevalence was
compared with the new percentile-based metrics. The new percentile-based Hot Snap,
Cold Snap and Winter Condition metrics were computed for a pixel adjacent to each
island for the period 2012–2018. Noting the three-year period between surveys at each
location, the three metrics were calculated from 2012 to provide a comparable examination
(i.e., a three-year period) with the first survey from 2015 and between the two survey times.

2.3.2. Guam

Field survey data from six sites situated on shallow (1–3 m) coral reef flats along the
northwestern coast of Guam (Haputo, Tanguisson, Tumon, West Agana, Piti and Lumi-
nao) were analysed, five of which (all except Haputo) had been strategically selected to
examine a spectrum of water quality and anthropogenic stress along the western coast-
line of Guam [10]. In summary, at each of the six sites, three belt transects measuring
20 m × 1 m were established within 500 m of the shoreline, at which point information
about the coral communities was recorded. At each of the transects, colony-scale coral
health data were surveyed (near-)quarterly from 2009 to 2018 (subject to weather condi-
tions). The collected data included various benthic descriptors (e.g., colony counts) and
the impact on coral colonies (e.g., disease counts) for each site, date and transect. Disease
data included black band, bleaching, bleaching mortality, brown band, endolithic fungal
infection, grey death and white syndrome [10].

The initial dataset consisted of the observations of 99,081 individual colonies across
the six sites and for all time points. For each date, the WS disease prevalence was calculated
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for each transect (at each site) as the ratio of the number of WS diseased colonies divided by
the total number of colonies. The mean WS disease prevalence was computed for each date
and site by averaging the values across the three transects. This resulted in 161 data points.

The mean prevalence of white syndrome was compared with the three percentile-
based metrics. The Hot Snap, Cold Snap and Winter Condition between 2006 and 2018
were computed using SST data from the pixel closest to each site. Metrics were calculated
from 2006, three years before the first survey in 2009, to allow for the consideration of the
influence of prior metric values on disease prevalence.

3. Results
3.1. Development of Percentile-Based Thresholds in the Great Barrier Reef

Percentiles corresponding to the existing AV- and SD-based thresholds over a baseline
climatology period (1985–2005) were highly consistent across reef-containing pixels in
the GBR (Figure 3a). The median percentile values that corresponded to the summer
AV+SD, summer AV, winter AV+SD, winter AV, and winter AV–SD were 97.16%, 88.66%,
27.52%, 16.10% and 5.05%, respectively (cf. percentile values for the single pixel shown in
Figure 2). The interquartile range of the percentile distribution for the five thresholds
spanned 0.47 to 3.35%. Due to the high degree of consistency, the median percentiles were
selected to define each of the new percentile-based thresholds.
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Figure 3. (a) Variabilities in percentile values corresponding to the five AV- and SD-based thresholds
for the 21-year period 1985–2005. Green lines are the median percentiles across reef-containing pixels
in the Great Barrier Reef. Boxes indicate the interquartile range (IQR), and whiskers extend to the
farthest data point within 1.5 × IQR from the box. Circles indicate outliers beyond the extent of
the whiskers. (b) Spatial variations in differences in Hot Snap thresholds (97th percentile—summer
AV+SD). Threshold values (◦C) were derived from the daily SST between 1985 and 2005 for each
pixel. (c) Spatial variations in the difference in Hot Snap for 2001/2002 (percentile-based—summer
AV+SD). Histograms in the second and third panels show the distribution of thresholds and metrics,
respectively, among 4412 reef-containing pixels (colours correspond to spatial variations).

Differences between the new percentile-based and existing AV- and SD-based thresholds
(Figures 3b and S1a,c) and the resultant metrics (Figures 3c and S1b,d) are negligible for most of
the GBR-containing pixels. The median differences (percentile—AV±SD) for the Hot Snap and
Cold Snap thresholds were 0.00 ◦C, and for the Winter Condition threshold this was 0.01 ◦C.
These led to correspondingly small differences in the median change to analysed metric values
as follows: 0.00 ◦C-weeks for the 2001/2002 Hot Snap (R2 = 0.903; two-tailed paired t-test)
and 2000/2001 Cold Snap (R2 = 0.862); −0.17 ◦C-weeks for the 2001/2002 Winter Condition
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(R2 = 0.811). For these events, 85% of the Hot Snap and 84% of the Cold Snap differences were
in the range −0.45 to 0.45 ◦C-weeks, representing ±7.5% of the 6 ◦C-weeks range of values
reported by Heron et al., 2010 [5]. For Winter Condition in that year, the differences were within
−1.05 to 1.05 ◦C-weeks for 88% of reef pixels, which is ±3.3% of the previously reported range
(32 ◦C-weeks [5]; see also Section 4.1).

Even though most of the reef pixels on the GBR showed little differences in the
three thresholds and corresponding metrics, there were some areas with larger differences
(dark red and dark blue pixels in Figures 3b,c and S1 panels). The reasons for the differences
between percentile-based thresholds and AV- and SD-based thresholds were examined by
considering the characteristics of the SST distributions within the 21-year period (1985–2005;
see Section 4.1 and Figure S2).

3.2. Application of the Percentile-Based Methodology to Seasonal and Non-Seasonal Regions

Six out of the twelve study sites show seasonal (i.e., intra-annual) temperature vari-
ability, with a clear winter trough and summer crest each year; these sites are the GBR
(Figure 4.1a), NMI, Wake Atoll, the Hawaiian archipelago, Johnston Atoll and American Samoa
(Figure S3). In contrast, five non-seasonal locations are located within 10◦ latitude of the equa-
tor and predominated by interannual variability (greater than the annual variation); these sites
are Howland Island (Figure 4.3a), Jarvis Island (Figure 4.3b), Baker Island, Palmyra Atoll and
Kingman Reef (Figure S3). The last FORE-C location, Guam (Figure 4.2), is characterised as a
weakly-seasonal region, with less distinction between inter- and intra-annual variation. Exem-
plar pixels from the four focal regions illustrate characteristically seasonal, weakly-seasonal
and non-seasonal variations (Figure 4; see Supplementary Materials Figure S3 for the other
five seasonal sites and the three non-seasonal sites).

Changes to thresholds from the AV- and SD-based (pale red, pale purple and light
blue lines in Figures 4 and S3) to percentile-based (red, purple and blue lines) methodology
were relatively small at the seven seasonal locations but substantial at the five non-seasonal
locations. The 97th percentile temperatures were higher than the summer AV+SD values at
the non-seasonal sites, with the biggest shift observed at Jarvis Island (Figure 4.3b). Like
the changes in the summer metric threshold, the changes in winter metric thresholds were
most pronounced at the five non-seasonal locations (Figures 4 and S3).

Changes to the thresholds led to changes in the metric values. In the five non-seasonal
sites, the positive shifts in the Hot Snap thresholds from the AV- and SD-based to percentile-
based methodologies (Figures 4 and S3) led to lower magnitude accumulations of Hot Snap
(smaller positive values). Similarly, negative shifts in thresholds for Cold Snap and Winter
Condition led to lower magnitude Cold Snaps (smaller negative values) and higher Winter
Condition values (more positive or less negative) when using the new percentile-based
method. For example, at Jarvis Island in 2016, the maximum percentile-based Hot Snap
was approximately one-quarter of the AV- and SD-based value, while the positive Winter
Condition was higher (Figure 5; see Figure S5 for the other four sites).

The new percentile-based reset months were generally consistent with those from the
existing AV- and SD-based method in the studied regions, with the exception of a 6-month
difference in the Hot Snap reset month for Jarvis Island (Figure 6). Unlike the GBR, for which
there are distinct hot and cold periods (Figure S4.1a), Jarvis Island experienced hot con-
ditions across all 12 months, ranging 30–90 hot days per month (red bars in Figure S4.3b).
In contrast, the highest frequency of cold conditions occurred in December, January and
February (blue bars in Figure S4.3b). The change in reset month between the percentile-
based and AV- and SD-based approaches for Cold Snap and Winter Condition was either
0 or 1 month for all pixels in all regions (Figure 6).
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At four of the non-seasonal sites (all except Kingman Reef), the Cold Snap in 2010 was
reset after it had begun accumulating when using both the new and existing methodologies
(blue arrows in Figures 5 and S5). At Kingman Reef in that year, the Cold Snap had
accumulated and was reset using the AV/SD methodology, whereas for the percentile-
based method, the accumulation began one month later, so no accumulation of the metric
had occurred before the reset.

Similar metric resets occurred after the accumulation of the Hot Snap had begun when
using the existing AV- and SD-based methodology in 2016 at Jarvis Island (red arrow in
Figure 5a with the reset month of February) and in 2015 at Howland Island and Baker
Island (red arrows in Figure S5). In each case, the issue of resetting a Hot Snap during an
accumulation was improved or no longer apparent when using the new percentile-based
methodology. At Jarvis Island, the improvement was due to the change in reset month
(unfilled red arrow in Figure 5b with the reset month of August), while at Howland Island
and Baker Island, higher percentile-based thresholds resulted in only a small accumulation
of Hot Snap before the revised reset month (red arrows in Figure S5).
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Figure 6. Change in the reset timing for the ‘summer’ (left) and ‘winter’ (right) metrics (absolute
number of months) between the new percentile-based and existing AV- and SD-based methodologies
at reef pixels (shown in Figure 1). The colour intensity indicates the percentage of pixels in a region
with a certain difference. Analyses were conducted for the baseline period 1985–2005. Numbers
of reef-containing pixels within each of the regions were: the Great Barrier Reef, 4412 pixels; the
Hawaiian archipelago, 630 pixels; Johnston Atoll, 23 pixels; Guam and Northern Mariana Islands,
155 pixels; American Samoa, 56 pixels; Wake Atoll, 6 pixels; Palmyra Atoll and Kingman Reef,
18 pixels; Howland and Baker Islands, 12 pixels; and Jarvis Island, 2 pixels.

3.3. Comparison of the Percentile-Based Metrics with Coral Disease Data in Howland and Baker
Islands and Guam

WS disease prevalence was low at both surveyed times in both Howland and Baker
Islands, with a small increase noted from February 2015 to June 2018 (Figure 7-left,
site 3a in Figure 1). A prolonged period of Hot Snap accumulation, reaching 3.17 ◦C-weeks
in Howland Island (Figure 7-left) and 4.63 ◦C-weeks in Baker Island, occurred in 2015
after the surveys. These represent the highest Hot Snap values recorded at these loca-
tions between 2000 and 2020. In addition, Winter Condition values changed from over
20 ◦C-weeks in 2014–2016 to around 3–5 ◦C-weeks in 2017 (3.49 ◦C-weeks in Howland
Island and 4.79 ◦C-weeks in Baker Island). No Cold Snaps were recorded after 2012.

In Guam, there were no clear, discernible patterns or relationships between WS preva-
lence and the new percentile-based metrics. The prevalence of WS showed local variation
between sites, despite similar metrics across these locations, with the largest increase in
prevalence for each site occurring in different periods. In Piti (Figure 7-right, site 2 in
Figure 1), WS prevalence showed a rapid increase from 7.7% in August 2013 to 40.9% in
March 2014, coinciding with a 2013 Hot Snap accumulation of 1.81 ◦C-weeks, and that
was preceded and followed by Winter Condition accumulations of around 7 ◦C-weeks.
Increases in prevalence associated with Hot Snap and Winter Condition accumulation were
also found in West Agana in 2011 and Luminao in 2014.

The limited size of the disease observation datasets prohibits further analysis at
this time; however, such an additional investigation is essential for more extensively
testing the suitability of the percentile-based thresholds and metrics as predictors for coral
disease outbreak.
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4. Discussion
4.1. Comparing Methodologies for Thresholds and Metrics

Using the new percentile-based metrics did not cause significant changes to predic-
tions in the risk of coral disease outbreaks at the majority of GBR pixels. The metric
difference ranges (−0.45 to 0.45 ◦C-weeks in Hot Snap and Cold Snap; and −1.05 to
1.05 ◦C-weeks in Winter Condition) were relatively small compared with the range of the
metrics values across multiple years, reported by Heron et al. (2010) [5]—±0.45 ◦C-weeks
(±7.5% of the 6 ◦C-weeks ranges; Figure 3c) for Hot Snap and Cold Snap (Figure S1b);
and ±1.05 ◦C-weeks (±3.3% of the 32 ◦C-weeks range) for Winter Condition (Figure S1d).
Moreover, these three spatial variation maps are examples from years in which there were
strong Hot Snaps (2001–2002), Cold Snaps (2000–2001) and Winter Conditions (2001–2002).
Metric-difference maps for years without strong Hot Snaps, Cold Snaps and Winter Condi-
tions show fewer differences (i.e., more green pixels with differences close to zero).

The largest observed differences between the existing AV- and SD-based and the
new percentile-based thresholds (Figures 3b and S1a,c) can be attributed to distinctive sea
surface temperature distributions over the 21-year period analysed (1985–2005; Figure S2),
which are related to oceanic features. For the Hot Snap threshold, strong positive differ-
ences (dark red in Figure 3b) were apparent in the southern GBR coastline and Capri-
corn Group, where SST distributions may be influenced by atypical tidal variations
(e.g., in Broad Sound [26]) or oceanographic features (e.g., the Capricorn Eddy [27]). For
the Cold Snap threshold, the differences were less extreme compared with the Hot Snap;
positive differences occurred in the southern GBR coastline (Figure S1a), whilst negative
differences occurred in offshore reefs near 18◦S (which may be influenced by the bifurcation
of the South Equatorial Current; see [28] and the references therein).

Changed thresholds led to altered SST anomalies that, when accumulated, potentially
become large differences in the corresponding metrics, which can influence the prediction
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of outbreak risk. For example, at an inshore location in the southern GBR, the existing Hot
Snap threshold (summer AV+SD) was 28.19 ◦C, while the percentile-based threshold was
28.36 ◦C (Figure S2.1b). For SST values leading to observed disease in 2002, this increased
threshold led to a decrease in the Hot Snap metric from 2.25 ◦C-weeks (AV/SD-based) to
1.56 ◦C-weeks (percentile-based). Similarly, the percentile-based thresholds correspond-
ing to the Cold Snap and Winter Condition metrics were higher by 0.21 ◦C and 0.19 ◦C,
respectively, compared with the results derived using the winter AV/SD methodology
(Figure S2.1b). The calculated Cold Snap metrics were −0.23 ◦C-weeks (percentile) and
−0.11 ◦C-weeks (AV/SD), while the Winter Condition values were 1.97 ◦C-weeks and
3.69 ◦C-weeks, respectively. Using the predictive decision tree [5], the percentile-based
metrics produced a lower risk of coral disease outbreak than the AV- and SD-based method-
ology, based on the lower Hot Snap value of 1.56 ◦C-weeks.

The new percentile-based thresholds (three vertical black lines indicative of the 97th,
16th and 5th percentile thresholds) were determined from the entire SST distribution
across the 21 years (grey area in Figure S2). In contrast, the existing AV- and SD-based
thresholds were derived from the summertime- or wintertime-only SST values across the
21 years (i.e., only SST values within the three consecutive summer or winter months; red
or blue, respectively, in Figure S2). At site ‘a’ in the far northern GBR (Figure 1.1a), all
three thresholds were unchanged between the percentile-based and AV- and SD-based
methodologies (Figure S2; green pixels in Figures 3b and S1a,c). At site ‘b’, in the southern
GBR (Figure 1.1b), all three thresholds increased significantly (Figure S2; red pixels in
Figures 3b and S1a,c). These increases in the thresholds led to reduced Hot Snap and
Winter Condition values, and a more negative Cold Snap was observed when using the
percentile-based thresholds (blue pixels in Figures 3c and S1b,d). The range of observed
SST values increased from less than 10 ◦C at site ‘a’ to around 14 ◦C at site ‘b’; and the
distinction of the summer and winter peaks in the distribution diminished (Figure S2).
These exemplar sites demonstrate how differences in the SST distributions can influence
threshold (and therefore metric) calculations.

4.2. Application of the Percentile-Based Methodology to Seasonal and Non-Seasonal Regions
4.2.1. The Effect of Percentile-Based Thresholds and Reset Months on the Metrics

For non-seasonal sites, where shifts in thresholds occurred, expected changes in
metric values were apparent. The 97th percentile threshold for Jarvis Island was 29.53 ◦C,
considerably warmer than the summer AV+SD value of 28.64 ◦C (Figure 4.3b), which
substantially reduced the accumulated Hot Snap (Figure 5). Conversely, cooler percentile-
based thresholds (Figures 4.3a,b and S3) reduced the (negative) magnitude of Cold Snaps
and increased the value of the Winter Condition metric (Figures 5 and S5).

The three-month summer [winter] identified using the existing AV- and SD-based
methodology overlapped with the hot [cold] period defined using the new percentile-
based methodology for all locations except Jarvis Island (Figure 6). This suggests that
the prior approach was generally adequate to characterise the threshold for and timing
of the warmest [coolest] conditions in seasonal locations. The general consistency of the
new methodology with that of the existing process for both seasonal and non-seasonal
locations supports the use of the new method. In terms of the metric accumulations, 0- or
1-month differences in the Winter Condition reset months between the two methodologies,
as determined for all pixels in all regions (Figure 6), had only a small effect on the Winter
Condition values. The inclusion of winter-like temperatures means that a small variation
in the Winter Condition metric values could result from small changes to the reset timings,
as metric accumulations typically start two or three months after the reset months.
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Noting the infrequent occurrence of a Cold Snap reset after accumulations began at
four of the non-seasonal sites (during 2010 in Figures 5 and S5), an option could be to
revise the reset month from two months prior to the identified cold period to three months
prior. This would align with the timing in the Hot Snap methodology. However, additional
investigations are warranted.

Hot Snap accumulation using the new percentile-based threshold together with the
new reset timing method appears to perform as well or better for non-seasonal locations
(Figures 5 and S5), with no detriment for seasonal locations. This improvement is per-
haps most apparent for Jarvis Island (Figure 5), for which a 6-month change in the def-
inition of the hot period between the two methodologies occurred (Figures 6 and S4).
However, the new percentile-based method resulted in the overlap of the defined hot
(November–December–January) and cold periods (December–January–February; Figure S4),
illustrating the predominance of interannual variability but also suggesting the need for
further consideration, here, and in other similar non-seasonal locations.

4.2.2. New Percentile-Based Metrics and Literature Reports on Coral Disease

The high degree of consistency between the methodologies in seasonal regions and
the performance in non-seasonal regions indicates the potential of the new percentile-based
metrics to effectively assess coral disease outbreak prediction in both regions.

This is further evidenced by the new percentile-based metrics exhibiting similar
relationships to the existing AV- and SD-based metrics with literature reports on coral
disease in the Hawaiian archipelago [8]. These observations include both winter and
summer outbreaks of Porites Tissue Loss Syndrome (TLS), Montipora WS and Porites Growth
Anomalies (GA). Outbreaks of Porites TLS and Montipora WS at French Frigate Shoals during
the winters of 2012, 2013 and 2014 were compared with the Hot Snap of the previous
summer and the Cold Snap and Winter Condition of the winter prior to that (the previous
year) [8]. The new percentile-based Hot Snaps corresponding to those outbreak events
were 0.15, 0 and 0.61 ◦C-weeks, respectively, which align with the finding that a higher
prevalence of the two diseases is associated with a Hot Snap below 1.3 ◦C-weeks [8]. In
addition, the percentile-based Winter Conditions of 7.73, 6.58 and 8.29 ◦C-weeks satisfy
the conditions (>4.4 ◦C-weeks for TLS; >0.85 ◦C-weeks for WS) which were associated
with a higher prevalence of TLS and WS [8]. In the summers of 2010 and 2011 at Kāne‘ohe
Bay, there were disease outbreaks of Porites GA [8]. The percentile-based Hot Snaps of
0 ◦C-weeks in those summers coincided with Porites GA outbreaks, consistent with the
reported pattern of a negative correlation between Hot Snap and the disease prevalence
of Porites GA [8,29]. Moreover, a higher prevalence of Porites GA in Hawai‘i has been
related to the Winter Condition of over 6.5 ◦C-weeks or below 4 ◦C-weeks [8] (p. 9). The
percentile-based Winter Conditions of 1.14 and 7.32 ◦C-weeks in 2010 and 2011, respectively,
are in alignment with the observed disease levels.

The new percentile-based methodology also showed a degree of correlation with the
reported descriptions of coral disease in non-seasonal regions. The prevalence of WS was
generally low at Johnston and Palmyra Atolls; Kingman Reef; and Howland, Baker and
Jarvis Islands in 2006 and at Wake Atoll in 2007. The highest WS values occurred at Johnston
Atoll (0.77 ± 0.23%) and Wake Atoll (0.16 ± 0.05%) [30], for which the corresponding
percentile-based metric values (mild Winter Condition of 2.65 and 2.86 ◦C-weeks; Cold
Snap of −0.04 and 0 ◦C-weeks; and Hot Snap of 0.27 and 0.05 ◦C-weeks, respectively)
placed Johnston Atoll and Wake Atoll in the “Low Risk” category for disease outbreak [5].
The other five sites showed strong warm Winter Condition values (9.72–20.64 ◦C-weeks) at
this time, consistent with the mean prevalence of less than 0.1%.
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At Palmyra Atoll, there was an observed increase in the prevalence of two diseases
from 2008. A marginal 0.79% increase in the overall prevalence of Porites GA from 2008
(0.39%) to 2009 (1.18%) [31] followed a cold winter that produced a percentile-based Cold
Snap of −1.20 ◦C-weeks and a strongly negative Winter Condition (−14.05 ◦C-weeks) in
2008—but with no Hot Snap following these (Figure S5); and therefore no disease outbreak
risk [5]. In contrast, Acropora WS prevalence increased from 0% in 2009 to 22.9% in 2010,
coinciding with changes in the Cold Snap from −1.20 ◦C-weeks to 0 ◦C-weeks (in 2009)
and in the Winter Condition from −14.05 ◦C-weeks to 0.26 ◦C-weeks (in 2009), with the
2009 Hot Snap reaching 0.59 ◦C-weeks (Figure S5). These conditions resulted in the “Low
Risk” of disease outbreak observed in 2010 [5].

The relationships between the new percentile-based metrics and coral disease reports
suggest that the existing decision tree [5] may be suitable for predicting disease outbreak
risk in both seasonal and non-seasonal regions. As literature reports on coral disease in the
NMI and American Samoa were limited, this could not be tested further for these regions.

4.3. Comparison of the Percentile-Based Metrics with Coral Disease Data in Howland and Baker
Islands and Guam

In Howland and Baker Islands, the Hot Snap of 2015 (3.17 ◦C-weeks in Howland Island
in Figure 7-left and 4.63 ◦C-weeks in Baker Island in Figure S5) may have contributed to the
observed minor increase in disease prevalence from 2015 to 2018, together with the mild
Winter Conditions in 2017 (3–5 ◦C-weeks). The dataset of only four data points limited our
ability to identify a robust correlation between the new percentile-based metrics and disease
prevalence. To comprehensively assess the potential of the new percentile-based metrics
for predicting coral disease outbreak risk, a larger dataset, akin to the sample sizes utilised
in the previous studies [5,8,10], is required. Additionally, it is essential to consider other
contributing factors, such as colony density, diversity and other seasonal environmental
conditions (e.g., rainfall and resultant run-off), that may play a significant role in coral
disease prevalence. Given the remote location of Howland and Baker Islands, such data
may prove difficult to obtain. Further comparisons in non-seasonal areas may also improve
understanding of the temperature-related factors in weakly-seasonal areas, noting, however,
the lack of discernible relationships between disease metrics and observations in Guam.

5. Conclusions
This study has responded to the challenge of developing satellite-derived predictions

of coral disease outbreaks in non-seasonal coral reef regions. The existing seasonal AV- and
SD-based Hot Snap, Cold Snap and Winter Condition metrics, which have provided predic-
tions of coral disease outbreaks in regions characterised by consistent summer and winter
periods, present limitations when applied to regions with weak or non-seasonal climatic
variations. In response, a novel approach was developed based on percentile thresholds,
rather than seasonal averages, to calculate these metrics independent of seasonality.

The strong consistency of percentile values corresponding to the existing AV- and
SD-based thresholds across reef-containing pixels in the GBR laid the foundation for the
new percentile-based methodology. The new percentile-based thresholds exhibited good
alignment with existing AV- and SD-based thresholds at reef locations characterised by
seasonal variations, while providing new insights for non-seasonal locations. Substantial
shifts in thresholds at non-seasonal sites resulted in the improvement of metric accumu-
lations when using the new percentile-based approach. The improved Hot Snap at Jarvis
Island was also related to the 6-month change in the Hot Snap reset month. Furthermore,
relationships with historical records of coral disease in the Hawaiian archipelago (seasonal)
for the new percentile-based metrics were similar to those using the existing AV- and
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SD-based metrics. The comparisons of the new metrics with disease data in non-seasonal
regions provided a degree of validation for the new approach; however, these were limited
by the dearth of available disease data. Additional direct comparisons with disease data
spanning various regions and time periods are essential for establishing robust correlations.

The high degree of consistency between the metric methodologies in seasonal re-
gions, together with the performance of the new metrics in non-seasonal regions, indicates
the potential of the new percentile-based metrics for effectively predicting coral disease
outbreak risk in both types of regions. It is recommended that any future development
of temperature-based metrics for coral disease prediction should consider non-seasonal
approaches to enable broad application.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs17020262/s1: Figure S1: Spatial variations in wintertime thresholds;
Figure S2: Distributions of daily SST from 1985 to 2005 at two reef pixels; Figure S3: SST time-series
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