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Abstract
1. The world's coral reefs are under threat as climate change causes increases in 

frequency and severity of acute thermal stress. This is compounded by chronic 
pressures including rises in sea surface temperature, overfishing and decline in 
water quality. Monitoring to understand the recovery dynamics of corals is para-
mount to enable effective management of coral reefs. While detailed mechanis-
tic models provide insight into reef recovery patterns, colony scale monitoring 
is not viable for reefs over a large geographical extent, such as the Great Barrier 
Reef (GBR). Consequently, aggregated coral cover data are utilised in practice and 
phenomenological analysis directly applicable to these monitoring programmes is 
essential for reef health reporting. These analyses are especially challenging for 
assessment of recovery potential of reefs reduced to very low coral cover (<10%) 
after disturbance since standard modelling assumptions may not hold.

2. Through the application of an innovative diagnostic approach modified from 
methods used in cancer cell biology, we found that almost 50% of reefs recover-
ing from low cover exhibited a previously undocumented initial phase of slower 
growth per unit cover before sigmoid coral cover recovery trajectories were ob-
served. Without properly accounting for these reduced growth periods, the ex-
pected performance of reefs may be overestimated immediately after disturbance 
events.

3. The presence of two- phase recovery patterns has a profound negative impact 
on the continued provision of ecological services from these reefs as major dis-
turbance frequencies increase. Projections show that if the time between major 
disturbances is <5 years, then reefs with two- phase growth are never likely to 
reach 15% cover.

4. Synthesis and applications. This work provides a method to detect two- phase 
recovery, the tendency for observed reef recovery to be slower than expected 
after a major disturbance. This phenomenon is observed across the Great Barrier 
Reef with serious implications for recovery potential as major disturbances occur 
more frequently due to climate change. Identification of reefs prone to two- phase 
recovery can assist the triage of reefs for intervention actions in response to 
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1  | INTRODUC TION

Coral reefs are in decline across the globe, largely driven by cli-
mate change pressures (De'ath et al., 2012; Duran et al., 2017; 
Lapointe et al., 2019; McManus et al., 2020; Perry et al., 2013; Selig 
et al., 2012; Steiner et al., 2018). A particularly poignant example 
is the Great Barrier Reef (GBR), where the average coral cover has 
been reduced by more than 50% in the last three decades (De'ath 
et al., 2012). This decline is largely driven by increasing frequency 
and severity of acute environmental disturbances, such as storms 
(Cheal et al., 2017; De'ath et al., 2012), crown- of- thorns starfish, 
Acanthaster spp. (COTS) outbreaks (De'ath et al., 2012; Seymour 
& Bradbury, 1999; Vercelloni et al., 2017), disease (Maynard 
et al., 2015) and bleaching events (Hughes et al., 2017). While pe-
riods of decline and recovery are expected as part of the natural 
behaviour of marine ecosystems (Osborne et al., 2011), there is clear 
evidence that anthropogenic factors driving climate change (De'ath 
et al., 2012; Hughes et al., 2017) and poor water quality (MacNeil 
et al., 2019) are inhibiting reef resilience (Mellin et al., 2019) and the 
ability of benthic communities to recover (Ortiz et al., 2018; Osborne 
et al., 2017). As a result, there is an urgent need for research focussed 
on understanding patterns and mechanisms driving reef recovery as 
an avenue to improve the interpretation of monitoring data and max-
imise the effectiveness of dynamic management approaches.

There is increasing evidence that the ability of reefs to recover 
after disturbances is in decline due to a combination of the legacy 
effect of acute disturbances and the ongoing effect of chronic pres-
sures (MacNeil et al., 2019; Mellin et al., 2019; Ortiz et al., 2018; 
Osborne et al., 2017). These studies use specific functions to model 
recovery at the coral cover level, such as exponential, logistic or 
Gompertz curves. This modelling approach is important for reef 
health reporting since large- scale monitoring programmes are nec-
essarily based on aggregated coral cover time- series since colony- 
level monitoring is infeasible over large geographical extents. One 
of the major limitations of this approach is the assumption that the 
colony growth rate of coral recovery is constant in time. By colony 
growth rate, we refer to the average growth rate of an undisturbed 
individual colony within a completely uncrowded environment. That 
is, between disturbance events, corals are assumed to adhere to a 
single growth phase. This assumption of individual colony growth 
implies a constant intrinsic growth rate parameter in the recovery 
model for coral cover. However, empirical evidence suggest that 
corals may have reduced growth rates for several years after distur-
bances due to compromised metabolic performance after thermal 

stress (Cantin et al., 2010), or due to trade- offs between growth and 
thermal tolerance if there are changes in the identity of coral symbi-
otic algae after bleaching (Jones et al., 2008; Ortiz, González- Rivero, 
& Mumby, 2012, 2014). Furthermore, disease outbreaks have been 
shown to reduce net colony growth by up to 20% in some coral types 
(Cróquer & Weil, 2009; Jones et al., 2004). Alternatively, the mor-
phology of different coral types may impose trade- offs between 
colony linear extension and skeletal density at early life stages 
(Lough, 2008; Su et al., 2016). This points to the possibility that coral 
recovery may occur in multiple phases in which the individual coral 
growth rates change over distinct time intervals. While these mech-
anisms are not directly observable using coral cover data, we inves-
tigate methods to detect deviations from single- phase recovery that 
could act as an indicator for further investigation or targeted man-
agement strategies.

Regardless of specific combinations of environmental, ecologi-
cal or biological factors leading to variable intrinsic growth rates for 
coral colonies, such effects could feasibly lead to phenomena at the 
coral cover scale that are not captured by a single- phase model (i.e. 
constant intrinsic rate). The resulting discrepancies are important 
to quantify since single- phase models are often used to evaluate 
reef health (Thompson et al., 2020). For these applications, the 
expected cover is obtained from a single- phase model that is cali-
brated against historical data during periods without disturbances. 
Field observations are then used to calculate the difference be-
tween the observed change in cover and the expected change in 
cover. Within this framework, it is critical to develop models that 
can accommodate the changes in intrinsic growth rate as the calcu-
lation of expected cover can be sensitive to the underlying assump-
tions of the model.

We explore the existence of two- phase recovery patterns in 
coral cover within the GBR. Here, reduced coral recovery for some 
duration, Td, post- disturbance is referred to as the first recovery 
phase, and the subsequent recovery pattern is referred to as the 
second recovery phase. The distinction between this two- phase pat-
tern and the traditional single- phase assumption pattern is shown in 
Figure 1a. Here, two- phase recovery acts like a delay on the recov-
ery process. Quantification of two- phase recovery along with the 
location of reefs that demonstrate the phenomena and the extent 
of the first recovery phase will enable more reliable estimates of 
reef recovery performance that may inform targeted management 
and restoration programmes to reduce Td. Furthermore, since se-
vere disturbance frequencies are expected to increase due to cli-
mate change, the expected years for which specific reefs remain at 

disturbances. Understanding mechanisms will inform interventions and manage-
ment actions targeted towards the unique marine ecosystems across the world's 
reefs.
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low cover will be impacted by a large Td. This may reduce the reef 
building capacity as net accretion would be heavily compromised 
if reefs stay in the slow first phase for prolonged periods of time 
(Kennedy et al., 2013). The relationship between coral cover and reef 
ecological services is complex and not fully understood (Viehman 
et al., 2009). However, it is likely that fewer ecological services can 
be provided at very low cover.

Coral recovery is studied using models of coral growth that typi-
cally assume the rate of growth is proportional to the cover adjusted 
by what is known as a crowding function that limits the growth rate 
as the cover approaches a carrying capacity, K ∈ [0% , 100% ] (Dennis 
& Taper, 1994; Ives et al., 2003; Thompson & Dolman, 2010), that is, 
the maximum cover that can be achieved given the available space 
(Figure 1a). Mathematically, this takes the form

where C(t) ∈ [0,K] is the coral cover at time t, 𝛼 > 0 is the instanta-
neous growth rate that is typically assumed constant and f(C(t)) ≥ 0 
is the cover- dependent crowding function representing competi-
tion for space. Typical modelling approaches, such as the logistic 
growth model, f(C(t)) = 1 − C(t)∕K, or the Gompertz growth model, 
f(C(t)) = − ln(C(t)∕K), lead to monotonically decreasing crowding 
functions with f(K) = 0. The rate per unit cover, given by

also declines monotonically to zero as coral cover approaches the car-
rying capacity, K, shown in Figure 1b. This typical modelling framework 
in which corals are assumed to recover according to a single phase is 
not able to describe the two- phase recovery phenomena depicted in 
Figure 1a.

Similar models are considered in cancer research (Enderling 
& Chaplain, 2014; Gerlee, 2013; Sarapata & de Pillis, 2014; Scott 
et al., 2013; Warne et al., 2017). Here, the effects of various drug 
treatments on the growth and proliferation of tumour cells result in 
growth patterns (Bodnar et al., 2013; Hindeya & Murthy, 2016; Jin 
et al., 2017) that are similar to the two- phase coral recovery phe-
nomena we consider. A feature of this two- phase dynamic is a non- 
monotone rate per unit cover as depicted in Figure 1b. The slower 
first recovery phase with duration Td (Figure 1a) results from an 
initially reduced rate per unit cover that increases towards maximal 
rates and then decreases due to crowding.

Inspired by cancer modelling (Jin et al., 2017), we develop and 
assess a new method to identify reefs across the GBR that likely ex-
press this two- phase recovery phenomena. Tumours and corals are 
biologically different, but coral monitoring data are similar to cancer 
cell culture data. Coral monitoring data are typically noisier due to 
heterogeneity and are temporally sparser. Our method is neverthe-
less applicable, though different accuracy profiles are expected and 
accounted for in drawing conclusions from our results (Sections 3 
and 4 and Supporting Information). We focus on recoveries from 
disturbance events that reduce reefs to very low cover (C ≤ 10%).   
We develop conservative estimates for the proportion of reefs that 
demonstrate a reduced first recovery phase, the duration of the first 
phase across these reefs and the impact of such patterns under various 
plausible future disturbance frequency regimes. Our results motivate 

(1)
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,

(2)
1

C(t)

dC(t)
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F I G U R E  1   (a) Comparison of two- phase recovery (red) against two single- phase recoveries (Gompertz curves), with different intrinsic 
growth rates (� = 1, blue solid; and � = 0.03, yellow solid) that match the two- phase recovery in different times periods. For example, the 
single- phase recovery with � = 0.03 (yellow solid) matches the first recovery phase (red dotted) ending at time Td; and the single- phase 
recovery with � = 1 (blue solid) matches the actual intrinsic growth rate of the second recovery phase (red dashed). However, assuming 
a single- phase model when the true growth is two- phase can lead to substantial discrepancies. (b) When viewing growth per unit cover 
(growth in cover relative to the current cover) as a function of cover, two- phase recovery (red) has a distinctly different non- monotone 
characterisation to single- phase growth of the logistic family (blue, yellow) [Colour figure can be viewed at wileyonlinelibrary.com]

(a) (b)

https://onlinelibrary.wiley.com/
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the necessity to further understand the environmental, ecological and 
biological factors that drive this first phase, and have profound impli-
cations for the monitoring, management and restoration of reefs that 
are impacted by this two- phase recovery phenomena.

2  | MATERIAL S AND METHODS

2.1 | Data summary

Coral cover time- series data were obtained from the Australian 
Institute of Marine Sciences (AIMS) Long Term Monitoring Program 

(LTMP), starting in 1992, and Marine Monitoring Program (MMP), 
starting in 2005. These data include 373 sites (309 from LTMP 
and 64 from MMP) over 135 reefs (103 from LTMP and 32 from 
MMP) across the inshore, middle and outer shelf areas of the GBR 
(Figure 2). Reefs were monitored at distinct sites (three sites per 
LTMP reef; two sites per MMP reef). LTMP sites were surveyed an-
nually until 2004, then additional reefs were added to LTMP in 2005 
leading to most LTMP reefs being biennially surveyed since then. 
MMP has 15 reefs that are observed annually, and the remaining 
are surveyed biennially. The LTMP depth range was 6– 9 m, and the 
MMP sites were monitored at 2 m and 5 m depths. At each site, five 
permanent transects (dimension 5 m × 50 m for LTMP and 5 m × 
20 m for MMP) were photographed at regular intervals (1 m intervals 
for LTMP and 0.5 m intervals for MMP). Coral cover was estimated 
and classified from a 5- point stencil overlaid in each image (Jonker 
et al., 2008) totalling 200 points per LTMP transect and 160 points 
per MMP transect. Transect cover values are averaged to obtain site 
cover and standard errors. LTMP and MMP reefs are typically sur-
veyed in summer and winter, respectively.

A disturbance is defined as a statistically significant decline 
(p ≤ 0.05) in cover according to a one- sided paired t- test at the tran-
sect level (n = 5) for consecutive visits (Ortiz et al., 2018). This ap-
proach was demonstrated to be robust by Ortiz et al. (2018) and 
is described in Supporting Information. We define a recovery tra-
jectory as a sequence of inter- disturbance site visits. The start of 
a recovery period is the visit classified as a disturbance, unless it is 
the first time the site was visited. The end of the recovery period is 
either the visit preceding the next disturbance or the most recent 
visit.

We included recovery trajectories that started with <10% coral 
cover and contained at least five visits. The rationale for these criteria 
was twofold: (a) the two- phase recovery phenomena was expected 
to be most prominent when tracking reefs starting with lower coral 
cover and (b) we required enough undisturbed observations across 
the recovery curve to reliably infer the existence of non- monotone 
growth per unit cover (Jin et al., 2017; Warne et al., 2017).

We found 120 recovery trajectories shared between 49 reefs (97 
sites) that satisfied these criteria. Figure 2 shows the locations of 
sites yielding at least one recovery trajectory included in this study, 
and Table 1 provides summary statistics on the number of visits, du-
ration, initial cover and final cover for these recovery trajectories. 
In all, 21 sites hosted two distinct recovery trajectories and a single 
site hosted three. This is acceptable as our analysis does not assume 
recovery trajectories are independent.

F I G U R E  2   Location of reef sites (circles) within the Long- Term 
Monitoring Program and the Marine Monitoring Program. Sites 
included in this study (black circles) have at least one recovery 
trajectory satisfying the inclusion criteria (coral cover is <10% 
post- disturbance and at least 5 visits have been made to the site 
before the next disturbance) [Colour figure can be viewed at 
wileyonlinelibrary.com]

Min. 1st Qu. Median Mean
3rd 
Qu. Max.

Number of visits 5 5 6 6.8 8 15

Duration (years) 4.2 7.0 8.1 8.4 10 16.0

Initial cover (%) 0.1 2.6 4.9 5.0 7.4 9.8

Final cover (%) 2.4 17.9 31.2 34.5 50.8 80.9

TA B L E  1   Summary statistics for the 
120 included recovery trajectories. These 
trajectories include 97 sites over 49 reefs

https://onlinelibrary.wiley.com/
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2.2 | Identification of two- phase 
recovery signatures

We used the approach of Jin et al. (2017) that transforms the time- 
series cover data into an estimate of the crowding function. We ex-
tended this method to include the propagation of observation noise 
through the rate per unit cover estimation and defined classification 
criteria for the two- phase recovery signature (non- monotone rate 
per unit cover curve) using two- segment regression with change 
point detection (Aminikhanghahi & Cook, 2017; Hinkley, 1970).

The method provides a classifier for two- phase recovery pat-
terns (Figure 3). A trajectory was classified based on the signs of the 
slope parameters in the two- segment regression fit to the estimated 
rate per unit cover. A trajectory was designated as ‘two- phase’ if 
the first segment has positive slope, then the first phase duration 
is estimated as the interval between the disturbance event and the 
survey identified as the change point. Bias introduced by restricting 
possible change points to survey times can only be avoided through 
infeasibly high sampling rates or explicit modelling assumptions on 
the recovery pattern in the first phase. However, the estimates are 
sufficiently accurate for the broad summaries we consider. When 
both segments have negative slope, then the trajectory is classified 
as ‘single- phase’, otherwise the trajectory is classified as ‘inconclu-
sive’ (see Supporting Information). For 26 trajectories, the calibrated 
two- segment regression resulted in a low adjusted R2 value (< 0.2); 
however, this represents an improvement over simple linear regres-
sion (Supporting Information). These are largely driven by specific 
observations leading to outliers in rate per unit cover, and the effect 

of these cases on the final results and interpretation is demonstrated 
to be minimal in Supporting Information.

2.3 | Validation and impact of two- phase modelling

Simulations were performed to validate the classification method, de-
termine the implications for sampling design and assess the impact of 
two- phase recovery on reef health under different future scenarios.

The accuracy of our method was assessed under a range of fea-
sible ecological scenarios and sampling designs. For a range of sce-
narios (162 configurations, see Supporting Information), we applied 
the two- segment regression approach (Section 2.2 and Supporting 
Information) to a simulated dataset consisting of 400 two- phase and 
400 single- phase simulated recovery trajectories. The power and 
specificity were then estimated using Monte Carlo methods. We 
also assessed the impact of the sampling design by comparing accu-
racy results for annual and biennial visit frequencies.

It is essential for managers to understand the impact that two- phase 
recovery can have on the future condition of reefs that exhibit these 
patterns as major disturbances become more frequent due to climate 
change. Our simulation model was calibrated (Supporting Information) 
using the second phase data for each LTMP and MMP recovery tra-
jectory identified as two- phase. This enabled data- driven exploration 
of recovery potential under alternative recovery patterns, for example, 
single- phase and two- phase recovery, and plausible potential futures 
with different major disturbance frequencies. Two comparison mea-
sures were considered: (a) the maximum expected coral cover before 

F I G U R E  3   Schematic of the recovery 
trajectory classification process that is 
applied to each reef monitoring site within 
Long Term Monitoring Program (LTMP) 
and Marine Monitoring Program (MMP). 
(a) Trajectories are extracted based on 
statistically significant declines in cover; 
(b) Trajectories transformed into rates 
per unit cover curves; (c) Two- segment 
regression applied with change point 
detection, then trajectories are classified 
based on the sign of the slopes [Colour 
figure can be viewed at wileyonlinelibrary.
com]

(a)

(c)

(b)

https://onlinelibrary.wiley.com/
https://onlinelibrary.wiley.com/
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the next major disturbance and (b) the expected number of years per 
decade that a reef is above a fixed cover threshold. We considered av-
erage major disturbance frequencies of 10 years, 7.5 years and 5 years; 
and thresholds of 10%, 15% and 20% absolute cover.

3  | RESULTS

3.1 | Accuracy of classification method

As presented in Section 2.3, we quantify the accuracy of our two- 
phase signature detection method in terms of power and specificity. 
Figure 4 presents the distribution of the accuracy results over the 
162 configurations (Supporting Information). We observe that the 
power is highly variable and sensitive to the specific configuration 
(mean 0.48; IQR: [0.35, 0.65]). However, specificity tends to be high 
regardless of the configuration (mean 0.86; IQR: [0.77, 0.98]).

This indicates that our method is conservative in that it is very 
unlikely to incorrectly classify a single- phase recovery as two- 
phase. It is more likely to underestimate the number of two- phase 
recoveries.

3.2 | Two- phase recovery is widespread 
across the GBR

A substantial proportion of included recovery trajectories are clas-
sified as two- phase recovery patterns (See Table 2). If we assume 
all inconclusive cases can be explained using standard single- phase 
recovery, then 48% of trajectories demonstrate two- phase recov-
ery. When inconclusive cases are excluded, 59% of the remaining 
trajectories demonstrate evidence of two- phase recovery. If in-
conclusive cases are reclassified as two- phase recovery examples, 

then the proportion increases to 66%. While the accuracy analysis 
(Section 3.1) provides justification for the validity of the larger esti-
mate, we take the lower bound as a conservative estimate.

Figure 5a shows the distribution of the first phase durations for 
recovery trajectories classified as two- phase recovery. Excluding 
one outlier (John Brewer Reef with duration exceeding 10 years), we 
find most first recovery phases persist for nearly 4 years (mean: 3.7; 
IQR: [2.9, 4.1]). Figure 5b shows the cover that is reached at the end 
of the estimated first recovery phase. This indicates that for reefs 
recovering from low cover (<10%), then the first recovery period is 
unlikely to continue after the reef reaches 15% cover (mean: 10.4%; 
IQR: [6.4%, 13.4%]), that is, 15% cover is above the third quartile. 
Note this does not imply that reefs starting recovery above 15% can-
not exhibit two- phase recovery.

Excluding the central offshore GBR, all areas with included re-
covery trajectories have examples of both single- phase and two- 
phase recovery patterns (Figure 6). Areas having trajectories with 
the unconfirmed classification also tend to have two- phase recover-
ies exhibiting longer first recovery phases (>5 years; Figure 6a) par-
ticularly in the northern portion (around 18° South by 146° East to 
19° South by 148° East) of the Townsville/Whitsunday Management 
Area. In the southern areas, there is a higher proportion of recovery 
trajectories classified as single- phase recovery patterns.

F I G U R E  4   Distribution of the (a) power (true positive rate) and (b) specificity (true negative rate) of the two- phase signature detection 
method over a range of simulations under different configurations [Colour figure can be viewed at wileyonlinelibrary.com]

(a) (b)

TA B L E  2   Breakdown of classifications results for recovery 
trajectories

Classification Count
Relative frequency 
(excluding inconclusive)

Single- phase recovery 41 34% (41%)

Two- phase recovery 58 48% (59%)

Inconclusive 21 18% (– )

https://onlinelibrary.wiley.com/
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3.3 | Impact of two- phase recovery pattern on 
reef health

To investigate the implications of two- phase recovery for manage-
ment, we consider the context of successive disturbances. Using sim-
ulations (Section 2.3), we find that as major disturbance frequency 
increases (Figure 7), the existence of a first recovery phase severely 
reduces the expected coral cover and the expected years for which 
reefs exceed specific cover thresholds. The existence of two- phase 
recovery patterns can result in reductions in the median absolute 

coral cover of between 13% and 22%. For a 10- year major distur-
bance frequency, the two- phase pattern can reduce the expected 
maximum cover to 43.0% (95% CI: [37.2%, 50.1%]) down from the 
expected maximum cover of 55.5% (95% CI: [48.6%, 62.3%]) com-
pared with the equivalent single- phase model (Figure 7a). The ex-
pected maximum cover and its variability decline rapidly as the 
frequency of major disturbances increases. For a 5- year major dis-
turbance frequency, the expected maximum cover reaches values 
as low as 16.0% (95% CI: [13.1%, 18.9%]) with two- phases present, 
down from 29.0% (95% CI: [24.5%, 33.5%]) when absent (Figure 7a).

F I G U R E  5   (a) Distribution of estimated first recovery phase durations over the 120 recovery trajectories that display two- phase recovery 
signatures. (b) Distribution of coral cover at the end of the first recovery phase [Colour figure can be viewed at wileyonlinelibrary.com]

(a) (b)

F I G U R E  6   (a) Location of sites with two- phase recovery pattern identified, circle diameter indicates estimated duration of the 
first recovery phase. (b) Location of sites in which single- phase and unconfirmed recovery is detected [Colour figure can be viewed at 
wileyonlinelibrary.com]

(a) (b)

https://onlinelibrary.wiley.com/
https://onlinelibrary.wiley.com/
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The years per decade in which one expects a reef to exceed 
cover thresholds is reduced when two- phase recovery occurs. For 
a future with 10- year major disturbance frequencies (Figure 7b), the 
expected years/decade above thresholds 10%, 15% and 20% is 5.08 
(95% CI: [4.55, 5.61]), 3.98 (95% CI: [3.36, 4.60]) and 3.23 (95% CI: 
[2.61, 3.85]), respectively, for a reef with two- phase recovery. This 
is down from 7.65 (95% CI: [7.06, 8.24]), 6.16 (95% CI: [5.48, 6.85]) 
and 5.19 (95% CI: [4.49, 5.89]), respectively, under the single- phase 
recovery scenario. The situation is markedly worse when major dis-
turbances occur at 5- year frequency (Figure 7c), with two- phase 
recovery effectively reducing the years/decade to almost zero re-
gardless of the threshold. That is, at 10%, 15% and 20%, respec-
tively, the years/decade exceeding these thresholds are reduced to 
only 1.73 (95% CI: [1.24, 2.21]), 0.99 (95% CI: [0.61, 1.36]) and 0.58 
(95% CI: [0.30, 0.87]). In the absence of two- phase recovery, then 
the respective years/decade are 5.89 (95% CI: [5.09, 6.69]), 3.75 
(95% CI: [3.04, 4.46]) and 2.49 (95% CI: [1.87, 3.12]).

4  | DISCUSSION

Our results indicate that two- phase recovery patterns are com-
mon (48%– 66% of included trajectories depending on assumptions) 
across the GBR for reefs recovering from very low cover (<10%). 
This combined with the spatial distribution of two- phase recover-
ies shown in Figure 5 suggests that delays can be found across the 
different areas of the GBR. Furthermore, reefs exhibiting this two- 
phase pattern will recover at a reduced rate for 3.7 years on aver-
age. Some caution is required in the generalisation of these results 
since the method requires a minimum of five consecutive visits, and 
this is not available for all reefs that have been reduced to very low 
cover (<10%). Despite this limitation, the observed duration of the 
first phase suggests that the difference in growth between the two 
phases is of ecological significance. Furthermore, our detailed power 

and specificity analysis demonstrates that it is unlikely that we 
would observe this proportion of two- phase recoveries as an artifact 
of the mathematical approach or variability in the observations. This 
analysis in combination with long first recovery phase duration esti-
mates supports the ecological validity of our results. Consequently, 
this provides a fresh insight into the results for previous studies that 
have observed delays in recovery rates over time (Ortiz et al., 2018; 
Osborne et al., 2017). These delays could be the result of either a 
reduction in the growth rate of a single- phase recovery pattern or an 
increase in the duration of the first phase of the two- phase recovery 
pattern. Teasing apart the proportion of each that is truly driving 
impaired recovery is crucial for the forecasting of recovery rates in 
the future.

The potential extent of these patterns within the GBR following 
a major disturbance has serious implications for monitoring, since 
our power and specificity analysis identifies substantially reduced 
power for two- phase pattern detection with biennial observations 
(Figure 4; Supporting Information). This motivates increased mon-
itoring frequency to detect these phenomena, especially since 
predictive modelling highlights that the impact of increasing the fre-
quency of major disturbances would be significantly more crippling 
for reefs exhibiting two- phase recovery patterns. While the forecast 
is bleak if major disturbances occur on average once every 5 years, 
regardless of the shape of the recovery trajectory (Figure 7a,c), the 
expected number of years a reef with two- phase recovery patterns 
exceeds a particular coral cover threshold under a 10- year distur-
bance frequency (Figure 7b) is effectively equivalent to that of a 
single- phase recovery pattern under a 5- year disturbance frequency. 
If major disturbances occur every 5 years, and two- phase recovery 
is present, then that reef would effectively collapse unless manage-
ment interventions could reduce the duration of the first recovery 
phase. We also explore the disastrous case of 1- year disturbance 
frequencies where reefs never exceed 10% cover for two- phase re-
covery patterns (Supporting Information).

F I G U R E  7   Estimated effects of two- phase recovery patterns (red) on coral cover under different scenarios for future major disturbance 
frequencies compared with single- phase recovery (green). (a) Distribution of cover achieved before the next major disturbance. The number 
of years per decade that is above a certain threshold assuming a frequency of major disturbance of (b) 10 years and (c) 5 years [Colour figure 
can be viewed at wileyonlinelibrary.com]

(a) (b) (c)

https://onlinelibrary.wiley.com/
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These phenomenological results should motivate better under-
standing of the ecological, biological and environmental mechanisms 
that lead to two- phase recovery patterns. This is essential for man-
agement, as intervention and prevention strategies must be designed 
with these mechanisms in mind. While the data and analysis presented 
in this work are insufficient to provide much insight into these mech-
anisms, other discoveries in the literature indicated possible environ-
mental factors, ecological processes or intrinsic biological properties, 
that should be explored as potential drivers for two- phase recovery 
patterns at the coral cover aggregation level. Beyond the GBR, these 
results are also important to inform modelling frameworks utilised 
to project the future response of coral populations across the globe 
(Logan et al., 2021; Matz et al., 2020; McManus et al., 2021). Similar 
analyses conducted for other coral reefs would be of scientific inter-
est and could have important management implications.

4.1 | Potential demographic mechanisms driving 
two- phase patterns

Many environmental mechanisms could be drivers of two- phase re-
covery. Acute disturbances can impose legacy effects for years after 
the disturbance event (Ortiz et al., 2018). For example, extreme ther-
mal stress affects coral mortality and survivors may show reduced 
growth and fecundity for years after the event (Ward et al., 2000). 
Storms can generate rubble fields that decrease survivorship of lar-
val settlers (Fabricius et al., 2008) for multiple years until the sub-
strate is consolidated (Fox et al., 2003). Some severe disturbances 
occur over a large spatial extent leading to recovery impacted by 
a substantially reduced larvae supply (Gilmour et al., 2013; Hughes 
et al., 2019). Chronic pressures can also have temporal patterns that 
may reduce the growth of corals experiencing these conditions. For 
example, large reductions in light can occur for more than a year 
after extreme wet seasons (Fabricius et al., 2014, 2016).

Spatiotemporally varying ecological processes could also play a 
role in the presence of two- phase recovery. While coral diseases are 
often studied as acute disturbances, they often have a more chronic 
behaviour (Couch et al., 2014). For example, ephemeral spikes in dis-
ease prevalence are commonly observed after thermal disturbances 
and these episodes reduce population growth rates due to disease- 
driven partial or total mortality (Cróquer & Weil, 2009; Jones 
et al., 2008). This ephemeral nature is highly relevant to two- phase 
recovery, as once the prevalence of diseases comes down to chronic 
or basal levels, a change in net growth rate is expected.

Biological traits of certain coral types may impact the overall 
early growth rate. One such mechanism would be a nonlinear re-
lationship between colony linear extension and skeletal density at 
early life stages. For example, there is evidence that, at least for some 
massive corals, small colonies tend to allocate more resources to in-
crease skeletal density and later shift emphasis towards extension 
(Lough, 2008; Su et al., 2016). Furthermore, Tabular and corymbose 
corals require a strong base to support a large top or plate (Madin 
et al., 2012). This early trade- off reduces the overall colony growth 

rate at small sizes, thereby lowering initial recovery. Biological traits 
among coral species are also important in the interplay between 
their susceptibility to particular disturbances and their growth rates. 
For example, COTS preferentially feed on fast- growing corals, such 
as Acropora and Montipora (Pratchett et al., 2017), resulting in cover 
over- representing slower- growing corals after an outbreak. Some 
fast- growing species are disproportionally susceptible to thermal 
stress (Marshall & Baird, 2000) and vulnerable to particular dis-
eases (Hobbs et al., 2015; Roff et al., 2011). Multispecies models of 
recovery are used to account for differences in recovery rates be-
tween the fast- growing Acroporidae and other slower- growing taxa 
(Osborne et al., 2017; Thompson et al., 2020). This variation in com-
munity composition after a severe disturbance is possibly a driver of 
two- phase recovery.

Sampling protocols offer other explanations for some two- phase 
recoveries. For example, disturbances are recorded if a statistically 
significant decline in cover is observed between successive reef vis-
its. A reef could have been disturbed and subsequently recovered to 
a cover level exceeding the previous visit, albeit lower than it would 
have without the disturbance. Here, the disturbance would not be 
detected due to the absence of a net decline. Similarly, the initial 
cover of a recovery trajectory can be overestimated. For Example, 
COTS numbers can be high enough at the last disturbance to cause 
further declines in cover after the disturbance is observed and re-
corded. The result is an effective reduction in observed recovery 
rate, while in reality a decline was followed by faster recovery. In 
practice, cover data cannot distinguish between actual and effective 
reductions in recovery rate. This effect is more likely to occur for 
longer times between subsequent visits.

4.2 | Management implications and outlook

It is likely that all the above mechanisms along with others influence 
two- phase recovery to different extents in different reefs. This influ-
ences the range of intervention options that can be effective to reduce 
the durations of the slower first recovery phase for any given reef. 
For some reefs, this first phase could be a fundamental morphologi-
cal feature of the coral types that make up that benthic community; 
therefore, management resources would not be effectively spent in 
these areas. Conversely, some environmental mechanisms could be 
influenced by management, and understanding which reefs are ex-
pected to respond to these actions would be beneficial. For example, 
knowledge that a site is prone to two- phase recovery patterns could 
assist GBR managers to triage reefs in response to major disturbance 
events and inform risk thresholds to enact available interventions.

This work has highlighted the need for improved modelling to 
elicit underlying mechanisms driving two- phase recovery. New 
understanding in the drivers of this phenomena could lead to new 
heath indicators assist management to develop informed decisions 
on targeted intervention. To this end, it is essential that monitoring 
be performed more frequently across the GBR to ensure sufficient 
information is obtained to effectively calibrate models and reliably 



162  |    Journal of Applied Ecology WARNE Et Al.

identify two- phase recovery. Of course, increasing visit frequency 
is not easy to achieve for a fixed financial budget. Optimal experi-
mental design could be applied to estimate the optimal placement 
of visits for a fixed budget for the purposes of maximising power. 
Finally, the potential deleterious effects of two- phase recovery pat-
terns highlight the need for urgent action now to reduce emissions 
to ensure the future of this precious marine ecosystem.
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