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E C O L O G Y

Volatility in coral cover erodes niche structure, but not 
diversity, in reef fish assemblages
Cheng-Han Tsai1,2,3*, Hugh P. A. Sweatman2, Loïc M. Thibaut4,5,6, Sean R. Connolly1,3,7

The world’s coral reefs are experiencing increasing volatility in coral cover, largely because of anthropogenic en-
vironmental change, highlighting the need to understand how such volatility will influence the structure and 
dynamics of reef assemblages. These changes may influence not only richness or evenness but also the temporal 
stability of species’ relative abundances (temporal beta-diversity). Here, we analyzed reef fish assemblage time 
series from the Great Barrier Reef to show that, overall, 75% of the variance in abundance among species was at-
tributable to persistent differences in species’ long-term mean abundances. However, the relative importance of 
stochastic fluctuations in abundance was higher on reefs that experienced greater volatility in coral cover, where-
as it did not vary with drivers of alpha-diversity. These findings imply that increased coral cover volatility decreases 
temporal stability in relative abundances of fishes, a transformation that is not detectable from static measures of 
biodiversity.

INTRODUCTION
The world’s coral reef ecosystems have been profoundly affected by 
human activities (1–8). In particular, global warming has markedly 
increased the frequency and severity of coral bleaching events (6, 9, 10), 
outbreaks of coral disease (11), and cyclones (12). In addition, land-
use change has increased runoff of nutrients and sediments to near-
shore coral reefs during major rainfall events (8, 13–16) and may 
have increased the frequency and intensity of outbreaks of the crown-
of-thorns starfish Acanthaster planci (17, 18). These types of distur-
bances lead to episodic coral mortality, and the greater magnitude 
and frequency of these events decrease both the temporal stability 
and long-term average of coral cover (6, 8, 16–20). Reef fish assem-
blages, which play critical roles in reef ecosystem functioning and in 
the provision of coastal ecosystem services, are also affected by these 
episodic perturbations in coral cover (14, 21–26). Specifically, before-
after studies often show marked changes in the composition of fish 
assemblages (14, 22) and, less consistently, decreases in fish diversity 
(14, 25, 27–30). Consequently, increased volatility in coral cover has 
the potential to influence both the local (i.e., “alpha”) diversity of 
fish assemblages and the turnover in species’ relative abundances 
(i.e., “temporal beta-diversity”) (31–33).

The magnitude of temporal turnover in species relative abun-
dances depends on the balance between differences in the long-run 
average abundances of species and the magnitude of fluctuations 
that cause relative abundances of species to differ at different points 
in time. Fundamentally, persistent differences in abundances among 
species are due to trait-by-environment interactions that cause spe-
cies with some constellations of traits to be demographically advan-
taged, relative to other species, in particular habitats (34–39). Conversely, 
temporal changes in the relative abundances of species are mediated 

by stochastic factors. Changes due to chance variation in the fates of 
individuals (i.e., demographic stochasticity) are independent of 
species’ intrinsic characteristics, such that differences in relative 
abundance will wax and wane even if species have identical demo-
graphic rates, a phenomenon termed “neutral ecological drift” (40, 41). 
However, fluctuations in environmental conditions (environmental 
stochasticity) also can cause shifts in species’ relative abundances, as 
trait-by-environment interactions benefit some species in some years, 
and other species in different years (36, 42–44).

The magnitude of stochastic fluctuations, relative to the magni-
tude of persistent differences in species’ long-run, average abundances, 
will determine how much assemblage structure can be expected to 
vary over time (31, 37) and thus represent one way to understand 
the drivers of biodiversity change on coral reefs. These stochastic 
and deterministic components reflect a distinct property of com-
munities, relative to static measures of assemblage diversity such as 
richness or evenness, and their dynamics may be entirely different 
from those of static metrics (31, 45). Changes in different diversity 
components (e.g., richness, evenness, and spatial and temporal 
beta-diversity) likely reflect the operation of different ecological pro-
cesses (31, 46–49) and have been proposed to respond to different 
types of disturbances (45, 50). However, measures of temporal turn-
over in diversity, such as many alpha-diversity metrics, assume that 
sampled relative abundances (or presences and absences, for presence-
absence–based metrics) accurately reflect true relative abundances 
(37). For species-rich assemblages such as coral reefs, abundances 
in ecological samples will be dominated by many rare species, whose 
abundance in (or absence from) a sample may be an extremely 
noisy estimate of their true abundance in the assemblage.

One theoretical framework for understanding the relative roles 
of stochastic fluctuations and persistent species differences in struc-
turing communities allows the variance partitioning of relative spe-
cies abundances (hereafter “VPRSA”) into three components using 
time series of abundance of species (Fig. 1). One component is the 
variance due to heterogeneity among species in their long-term, 
equilibrium abundances. This heterogeneity is the consequence of 
differences in species’ demographic or other ecological characteristics 
such as niche differences that tend to confer higher or lower average 
abundances in a particular habitat. We term this the “persistent species 
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differences” component. The second component is the variance due 
to stochastic fluctuations in species’ relative abundances at the pop-
ulation level due to independent and idiosyncratic responses of species’ 
population growth rates to environmental fluctuations, which we 
term the “stochastic fluctuations” component. The third component 
is the variance due to additional factors that create overdispersion, 
such as local aggregation at the spatial scale of sampling (e.g., due to 

spatial demographic stochasticity). These variance components can 
be estimated from the decay in community similarity as a function 
of time between two sampled species abundance distributions (Fig. 1), 
and their relative magnitudes determine the long-run expected 
temporal beta-diversity (i.e., how different should an assemblage at 
two different time points be, once temporal autocorrelation in relative 
abundances has decayed away). Assemblage similarity and diversity 
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Fig. 1. Conceptual figure illustrating VPRSA. (Top) Color-coded lines represent the log abundances of 80 species in two hypothetical communities over time. Both 
communities have the same total variance in log abundance. In the “niche-structured” community on the left, species differences in long-term average abundances ex-
plain most of the variance in log abundance in the community at any one time (i.e., high community determinism). By contrast, in the “stochastic” community on the right, 
long-term average abundances of the 80 species are very similar to each other such that the variance in abundance at any one time is driven instead by differences in 
species’ temporal patterns of stochastic fluctuations. The middle panel illustrates sampled species abundance distributions from these communities, which are obtained 
for each year of the time series. (Bottom) Similarity between samples is modeled as a function of time lag between each pair of sampled abundance distributions. The 
asymptotic similarity is equal to the proportion of variance in species’ log abundances that is due to difference in species’ long-term mean or equilibrium abundances 
(red); the distance from this asymptote to the intercept is the proportion due to stochastic fluctuations in relative abundance (blue), and the remainder is the proportion 
due to overdispersion (green). See Materials and Methods for details of the approach and the theoretical community dynamics model from which it was derived.
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in this approach is measured using a sampling model that explicitly 
accounts for the expected magnitude of sampling error in each 
year’s abundance estimate (51), in contrast to other approaches that 
use sample abundances as a strict proxy for true relative abundances 
in the community (33, 37).

Here, we apply VPRSA to a unique, regional-scale, highly spa-
tially replicated time series of fish species abundances on the Great 
Barrier Reef (see Materials and Methods). Our first aim is to deter-
mine, overall, how much of the variance of relative species abun-
dances of reef fishes is attributable to persistent species differences, 
versus stochastic fluctuations. Second, we leverage the high degree 
of spatial replication of the time series to evaluate the potential 
macroecological-scale drivers of variation in these variance compo-
nents of relative species abundance, as well as variation in the static 
diversity measures of richness and evenness more commonly exam-
ined in macroecological work. Specifically, we consider the mean 
and temporal variability in coral cover as our principal explanatory 
variables (i.e., variables linked to coral cover volatility), but we also 
consider latitude and cross-shelf position, two macroecological gradi-
ents that can serve as proxies for environmental variables known to 
affect other aspects of fish assemblage structure, such as species rich-
ness and composition (fig. S1) (48, 52–54). In addition to testing for ef-
fects of these environmental variables, we ask whether there is any 
evidence of additional causal pathways linking richness or evenness 
with the variance components of relative species abundance.

RESULTS AND DISCUSSION
Our analysis revealed that reef fish communities are structured 
disproportionately by persistent differences among species, rather 
than by stochastic fluctuations in population growth rates (Fig. 2E). 
Specifically, persistent species differences explained a substantially 
larger proportion of variation in reef fish community structure 
[75% on average; 95% confidence interval (CI): 72 to 78%], com-
pared to stochastic fluctuations in population growth rates [18% on 
average (95% CI: 15 to 20%); Fig. 2E]. Only ~7% of the variance was 
attributable to additional sources of variance, such as demographic 
and sampling variance (Fig. 2E). Despite the well-documented im-
portance of episodic disturbances in coral reef ecology, our findings 
showed a high level of persistence in species’ commonness or rarity 
through time. This suggests that ecological traits of species that in-
fluence long-term mean abundances, such as traits related to niche 
size, are disproportionately responsible for the variation in relative 
species abundances of reef fishes.

A piecewise SEM indicated that the degree of deterministic ver-
sus stochastic structure on reefs varied strongly with the mean and 
temporal variability in coral cover but not latitude or cross-shelf 
position, whereas the static diversity metrics of richness and even-
ness varied with latitude and cross-shelf position but not with coral 
cover variables (Fig. 3 and table S1). Moreover, d-separation tests 
found no evidence of missing pathways, suggesting the lack of any 
direct or indirect causal links between the persistent species differ-
ence variance component, species richness, or evenness (P > 0.19 
for all pairwise tests; Fisher’s C = 5.35; P = 0.5 overall). These results 
were consistent with a model selection approach (table S2). Specifi-
cally, reef fish assemblages were less deterministically structured on 
reefs with more volatile coral cover, especially when mean coral 
cover was high (R2 = 0.39, P < 0.001 for the variance component of 
persistent species differences and R2 = 0.4, P < 0.001 for the variance 

Fig. 2. The map showing coral reefs included in all analyses, along with fre-
quency distributions of explanatory and response variables across the Great 
Barrier Reef. On the map, red circles show locations of the n = 40 reefs used in this 
study. (A and B) Explanatory variables related to coral cover fluctuations. Frequen-
cy distribution of the temporal mean and SD in living hard coral cover across reefs. 
(C and D) Static metrics of reef fish assemblage structure as response variables. 
Frequency distribution of (time-averaged) species richness and unevenness of reef 
fish assemblages across reefs. (E) Deterministic and stochastic variance compo-
nents in relative species abundances of reef fishes as response variables. Frequency 
distribution of the variance in relative species abundances attributable to per-
sistent species differences (red bars; n = 40), to stochastic fluctuations in species’ 
growth rates (blue bars; n = 40), and to overdispersion effects such as demograph-
ic and sampling variance (gray bars; n = 40). The solid line indicates the mean value 
(across reefs) of the variance component due to persistent species differences, and 
the dashed line separates the remaining variance explained by stochastic fluctua-
tions (the larger portion) and overdispersion (the smaller portion).
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component of stochastic fluctuations; Fig.  4 and table S2). Con-
versely, species richness increased, and unevenness decreased (i.e., 
evenness increased) toward the equator, but the increase in richness 
and decreases in unevenness were much steeper on the inner shelf 
than the outer shelf of the Great Barrier Reef (Fig. 5 and table S2). 
Latitude and cross-shelf position explained almost none of the spa-
tial variation in the variance components of persistent species dif-
ference and stochastic fluctuations (table S2) despite the fact that reef 
fish species composition is known to change quite markedly from 
inshore to offshore (53, 54), and, in our data, cross-shelf position 
explained three to four times more variation in community compo-
sition than coral cover variables (fig. S2).

We measured richness and evenness using the Poisson-lognormal 
species abundance model, which fits these reef fish data extremely 
well (39) and is also used in the VPRSA analysis (Fig. 1; Materials 
and Methods). We choose these metrics because they are both ro-
bust to variation in sampling effort. Specifically, they use a sampling 
model to estimate the richness and evenness of the underlying com-
munity from which the data were sampled rather than treating rich-
ness and evenness of the sample as strict proxies for the richness 
and evenness of the community itself. In addition, because evenness 
is measured as the inverse of the skew of the underlying relative 
abundance distribution, it can vary independently of species rich-
ness (37), whereas other evenness metrics are often functions of richness 
(Materials and Methods). Nevertheless, model selection produced 
similar results for alternative alpha-diversity metrics, such as the 
number of observed species, the nonparametric Chao1 estimator, 
and the Simpson and Shannon-Pielou diversity indices (table S3). 
Specifically, for the richness estimates, there were strong interactions 
involving latitude and cross-shelf position and no effects of coral 
cover variables (fig. S3). Simpson and Shannon-Pielou indices were 
similar to the unevenness estimates, responding mainly to latitude 
and cross-shelf position, with an additional detectable but small ef-
fect of mean coral cover (tables S3 and S4).

We initially suspected that the large contribution of persistent 
species differences was a consequence of the presence of multiple 
functional groups in the reef fish assemblage. However, further 
analysis of our data indicated that this was not the case. After dividing 
all fish species into functional/trophic groupings (table S5), we had 
sufficient species richness in three groups (herbivores, planktivores, 
and benthic invertivores) to repeat our entire model selection analysis 

on each group separately (see Materials and Methods). We found 
that the proportion of variance in abundance attributable to persistent 
species differences within each of these functional groups was simi-
lar to the proportion for the fish fauna as a whole (78, 83, and 75% 
on average for herbivores, planktivores, and benthic invertivores, 

Fig. 3. Structural equation model for persistent species difference variance component, species richness, and unevenness of reef fish assemblages. Solid arrows 
represent standardized effect estimates, where thick and thin lines represent significance levels of P < 0.01 and P < 0.05. Dashed arrows represent estimated effects that 
are not statistically significant. Symbols, plus and minus, indicate the effect direction. Tests of directed separation found no evidence of missing pathways. Model esti-
mates are summarized in table S1.

Fig. 4. Persistent species differences and stochastic fluctuation variance com-
ponents in relative species abundance of reef fishes depend on coral cover 
volatility and average cover but not on environmental gradients. (A and B) Rela-
tionships between the coral cover variables (log-SD and mean of coral cover) and 
the relative importance of variance components that underlie patterns of fish spe-
cies commonness and rarity across reefs. The relationships are plotted using pa-
rameter estimates for the lowest-AIC models, with interactive effects of the coral 
cover volatility and mean coral cover as explanatory variables and variance compo-
nents of fish assemblage as response variables (n = 40 reefs; table S2). To illustrate 
the interactive relationships, coral cover volatility (log-SD of coral cover) is plotted 
on the horizontal axis, with points color-coded according to levels of mean coral 
cover on the corresponding reef. The light-, medium-, and dark-colored lines rep-
resent the estimated relationship between the variance component and coral cover 
volatility for the first (21% cover), median (27% cover), and third (41% cover) quar-
tiles of long-term average coral cover, respectively.
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respectively; fig. S4 and tables S6 to S8). Moreover, the changes in 
variance components of relative species abundance within func-
tional groups with coral cover volatility were similar to those found 
in the analysis of all species, although variance components were 
most sensitive to coral cover fluctuations for planktivores and her-
bivores and less sensitive for benthic invertivores (fig. S5 and table 
S9). This differential sensitivity may arise because many coral reef 
planktivores are small-bodied and rely for shelter on relatively fast-
growing but disturbance-susceptible branching corals that likely 
contribute disproportionately to coral cover fluctuations. Similarly, 
herbivores, particularly those that cultivate algal gardens, require 
coral-free substrate whose availability is closely related to fluctua-
tions in coral cover. Conversely, variance components for benthic 
invertivores were the least sensitive, implying an ecology in which 
abundances are less dependent on coral cover fluctuations. With 
respect to richness and unevenness, as in the original analysis for 
the fish fauna, latitude and cross-shelf position had interactive effects 
on richness and unevenness within individual functional groups of 
fishes (figs. S6 to S8 and table S9).

The large proportion of variance (c. 75%) in relative abundances, 
both overall and within functional groups, attributable to persistent 
species differences underscores the importance of interspecific varia-
tion in trait-by-environment interactions (i.e., niche differences) as 
determinants of relative abundance patterns in reef fishes (Fig. 2E 
and fig. S4). This finding places a clear upper bound on how much 
of the species abundances can be explained by neutral ecological drift, 
particularly given that the nondeterministic components of com-
munity structure (i.e., stochastic fluctuations and overdispersion) 
are only partly attributable to such drift. That is, differential fluctu-
ations in abundance can arise not only from demographic stochas-
ticity but also from differences in how species’ population growth 
rates respond to environmental fluctuations. Although the former 
is clearly a neutral process, the latter implies a type of niche differ-
entiation, differences in how species’ demographic rates respond to 
fluctuating environmental conditions (i.e., an interaction between 
traits and environmental variables that are fluctuating). Because 
abundance fluctuations due to demographic stochasticity should be 
independent of fluctuations in particular environmental variables, 

Fig. 5. Alpha-diversity (species richness and unevenness) depend on environmental gradients but not on coral cover variables. (A and D) Relationships between fish 
species richness or unevenness and the interaction of latitude with cross-shelf position. To illustrate the interactive relationships, latitude is plotted on the horizontal axis, 
with points color-coded according to the cross-shelf position of the corresponding reef. The light-, medium-, and dark-colored lines represent the estimated relationship 
between the variance component and the first, median, and third quartiles of cross-shelf position, respectively (darker, closer to shore). Fish species richness and uneven-
ness do not depend on mean coral cover (B and E) nor coral cover volatility (C and F), whether in univariate relationships as plotted or in multiple regression (table S2).
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the fact that two-fifths of the variation in the stochastic fluctuations 
component is explainable in terms of coral cover variables (i.e., tem-
poral volatility and average level in coral cover) suggests that neu-
tral drift likely accounts for only a fraction of the overall stochastic 
fluctuations. Consequently, our results indicate that patterns of 
commonness and rarity are strongly driven by niche or other trait 
differences that tend to make species common or rare on average, 
and that influences how species’ population growth rates respond to 
temporal fluctuations in their environment.

Our key finding, that two-fifths of the spatial variation in com-
munity determinism on reefs spanning 10° of latitude across the Great 
Barrier Reef can be explained by just two explanatory variables linked 
to coral cover volatility, highlights the threat from ongoing changes 
in coral cover dynamics on the world’s reefs. Specifically, greater 
volatility in coral cover, especially on reefs with relatively high cover, 
is associated with substantially reduced persistence of relative abun-
dance patterns of reef fishes, due to the greater role of stochastic 
fluctuations in shaping those abundances, and thus higher temporal 
beta-diversity. This implies, for example, less temporal stability in 
the performance of the ecosystem functions performed by fish spe-
cies, particularly given the evidence that some important functions 
have limited redundancy in reef fishes (55) and that, where redun-
dancy is present, species differ substantially in the efficiency with 
which key functions are performed (56).

In this reef system, regional variation in coral cover fluctuations 
over the time frame of our analysis was driven substantially by epi-
sodic disturbances, including cyclones, crown-of-thorns starfish out-
breaks, and coral bleaching (17, 19, 57). As climate change accelerates, 
coral bleaching is almost certain to overtake other disturbances as a 
principal driver of increased coral cover volatility, if this is not al-
ready so (6, 9, 10). Our findings suggest that such volatility in coral 
cover will further erode the temporal stability of relative abundance 
patterns on coral reefs, with potential implications for the ecosys-
tem functions performed by the community’s constituent fish spe-
cies, most markedly on reefs with the highest average levels of coral 
cover (Fig. 4 and fig. S5). Moreover, because this erosion in assem-
blage structure is not reflected in static metrics such as richness, un-
evenness, and composition (Fig. 5 and fig. S2), reliance on static 
metrics may not provide sufficient early warning of important changes 
in the processes structuring coral reef assemblages. This highlights 
the urgent need for long-term community-level abundance data to 
identify the onset of ecological degradation (31, 32).

MATERIALS AND METHODS
Reef fish community data and environmental covariates 
on the Great Barrier Reef
We used data from 40 reefs from the Australian Institute of Marine 
Science’s Long-Term Monitoring Program (LTMP), which has 
made visual surveys of benthos and fish communities on reefs span-
ning 10° of latitude on the Great Barrier Reef for more than 20 years 
(58). The surveys themselves were hierarchically structured: Three 
sites on the reef slope at a depth of approximately 6 to 9 m were se-
lected, usually on the NE faces of each reef. At each site, five perma-
nently marked 5 m–by–50 m transects were established for censusing 
larger, noncryptic fishes. Smaller damselfishes, which were counted 
on 1 m–by–50 m sections of the same transects. Transects were sep-
arated by about 10 m. For statistical analyses, we used the fish com-
munity data from 1994 to 2004 (11 years) because this was the only 

interval during which each reef was surveyed annually (the frequency 
of surveys changed after the Great Barrier Reef Marine Park was 
rezoned in 2004) (58).

Our analyses focused on counts of fish identified to species and 
on percentage cover of living hard coral at each survey reef. Fish 
species from a prescribed list of species representing 13 families 
were counted visually. Families were Pomacentridae, Acanthuridae, 
Serranidae, Lutjanidae, Scaridae, Caesionidae, Chaetodontidae, Labridae, 
Lethrinidae, Haemulidae, Holocentridae, Siganidae, and Zanclidae. 
All species examined here were largely noncryptic and easily identi-
fied underwater, and thus, cryptic species groups, such as gobies, 
were excluded. A full list of species observed each year was included 
in the appendices of each LTMP status report (also see table S5 for 
species in our analysis) (58). Corals were identified into broad taxo-
nomic and morphological categories, but we considered only total 
hard coral cover in our analyses. We pooled fish community and coral 
cover data for each reef, summing abundances over all 15 transects 
surveyed at each reef. Percentage cover was similarly averaged across 
transects and sites within reefs. We adopted this approach to reduce 
stochastic sampling error, thereby obtaining more precise estimates 
of the community structure statistics that were of interest in this study.

Because the small-sized fish taxa (mainly Pomacentridae) were 
surveyed in narrower transects than other larger fish taxa, we used 
subsampling to rescale the abundances of large-sized species to 
standardize sampling effort. Each fish counted on the wider transects 
was given a 20% probability of appearing in the subsample (because 
the small-fish transects covered only 20% of the area of large-fish 
transects). These subsampled data were used for our analyses.

For each reef, we extracted the temporal average (11-year mean) 
and SD in coral cover as proxies for disturbance-mediated coral 
cover fluctuations. We also extracted each reef’s latitude and cross-
shelf position, where latitude was measured by degrees from the 
equator, and cross-shelf position was the standardized distance to 
the nearest continental shelf boundary (i.e., 0 represents the shelf 
boundary and 1 represents the coast, respectively). We used latitude 
and cross-shelf position as proxies for major environmental gradients 
because community structure on the Great Barrier Reef is known to 
vary strongly along both gradients and because they were strongly 
correlated with important environmental variables, such as mean 
and variability in temperature and differences in exposure to terres-
trial runoff (fig. S1).

Partitioning variance in relative species abundance: 
theoretical framework (VPRSA)
We used the partitioning approach of Engen and colleagues (36, 51) 
to quantify the contribution of deterministic, persistent species dif-
ferences, relative to that of stochastic fluctuations in driving the to-
tal variance in relative species abundances (VRPSA; also see Fig. 1). 
These variance components can be estimated from the decay of cor-
relation in a community’s log abundances over time, i.e., the tempo-
ral autocorrelation in relative species abundance

	​​ ​ t​​  =  (​​ 0​​ − ​​ ∞​​ ) ​e​​ −t​ + ​​ ∞​​​	 (1)

where t represents the correlation coefficient of log species abun-
dances of a community at time lag t (i.e., it is a measure of commu-
nity similarity between species’ log abundances in two different years). 
This quantity was modeled as an exponential function of time lag t. 
That is, for each reef, we estimated the correlation coefficient between 
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log abundances in all pairs of years and then analyzed how the 
strength of this correlation decreased as a function of the time 
elapsed between the two samples (ranging from 1 to 10 years in our 
analyses). Parameter ∞ represents asymptotic similarity. In the ab-
sence of persistent niche structure in long-term average relative 
abundance (e.g., where all species have the same mean abundance 
and variation in species abundances is due entirely to their different 
responses to environmental fluctuations and independent demo-
graphic or sampling stochasticity), ∞ would be zero. For a commu-
nity in which environmental fluctuations play no role, ∞ would be 
large (and in the absence of demographic or sampling stochasticity, 
it would tend to unity). Parameter 0 is the intercept (i.e., the ex-
pected correlation in species’ log abundances for a time lag of zero), 
and thus 1 − 0 represents variation that is not captured by the oth-
er two components (i.e., overdispersion, including demographic 
variance and sampling effects due to local aggregation).  measures 
the strength of density regulation in the system: It would be larger 
in assemblages that revert quickly toward their long-term average 
relative abundances after a disturbance (see Supplementary Text for 
further explanation of Eq. 1).

The correlation coefficients t were estimated by fitting the 
bivariate Poisson-lognormal distribution to all possible pairs of sur-
veys at each site, and these correlation coefficients were then modeled 
as a function of the amount of time separating the samples follow-
ing Eq. 1. The estimation assumed that the pairs of surveys were 
random samples of individuals from two communities whose spe-
cies abundances followed Poisson-lognormal distributions with 
correlation coefficient t. The correlation coefficient therefore rep-
resented the true underlying correlation in species’ log abundances 
between the communities at the two sampling times, taking account 
of the fact that each abundance distribution in the data was an in-
complete sample from the community. t can be conceptualized as 
a measure of temporal beta-diversity (37). Equation 1 may be justi-
fied because the static species abundance distributions of these 
reef fish assemblages have been shown to be well described by the 
Poisson-lognormal distribution (39). As a further check, we con-
ducted parametric bootstrap tests (bootstrap N = 100 for each fitted 
bivariate Poisson-lognormal distribution) to verify that the bivariate 
Poisson-lognormal is an adequate distribution for the LTMP data, 
and we found that none of our study reefs were statistically distin-
guishable from this distribution.

After fitting Eq. 1 to the estimates of pairwise correlation coeffi-
cients as a function of time lag, variance components of relative spe-
cies abundance can be obtained as follows

	​​ ​ r​​  = ​ ​ ∞​​​	 (2)

	​​ ​ e​​  = ​ ​ 0​​ − ​​ ∞​​​	 (3)

	​​ ​ d​​  =  1 − ​​ 0​​​	 (4)

where r represents the proportional variance in relative abun-
dance due to deterministic, persistent differences among species, 
e represents the proportional variance in relative abundance due 
to species’ responses to stochastic fluctuations in population size, 
and d represents the proportional (residual) variance in rela-
tive abundance due to overdispersion (demographic or sampling 
stochasticity).

Stochastic community dynamics model of VPRSA
The variance partitioning approach, VPRSA, described above and 
in Fig. 1, was explicitly derived from a stochastic theory of commu-
nity dynamics. This theory characterizes the temporal dynamics of 
abundance of a community of S species according to the stochastic 
Ornstein-Ühlenbeck process

	​ d​X​ i​​  =  (​r​ i​​ − ​X​ i​​ ) dt + ​​ e​​ d​W​ i​​​	 (5)

	​​ r​ i​​ ~ Ν(​​ r​​, ​​r​ 
2​)​	 (6)

where Xi represents the abundance of species i on a logarithmic 
scale, ri represents the intrinsic population growth rate of species i, 
 measures the strength of density dependence, e scales the magni-
tude of environmental fluctuations in the growth rate (i.e., larger e 
implies larger fluctuations), and Wi models the fluctuations them-
selves as a Brownian (Wiener) process. Equation 6 specifies that 
intrinsic growth rates ri vary among species according to a normal 
distribution with mean r and variance ​​​r​ 

2​​. Equation 5 may be inter-
preted as a continuous-time analog of discrete-time Gompertz-type 
community dynamics.

Analysis of the model in Eqs. 5 and 6 reveals that each species’ 
abundance fluctuates around a species-specific equilibrium “carrying 
capacity” (​​e​​ ​

​r​ i​​ _  ​​​), and both the carrying capacities and the abundances 
themselves follow lognormal distributions among species (36, 51). 
Notably, the stationary distribution of species’ abundances remains 
lognormal, even in the presence of some violations of the model’s 
simplifying assumptions, such as the incorporation of correlations 
in species’ responses to environmental fluctuations, and of interspecific 
interactions (36, 37). The dynamic model is therefore consistent with 
the reef fish data in this study whose species abundance distributions 
are well described as discrete, random samples of individuals from log-
normal abundance distributions (i.e., Poisson-lognormal distribu-
tions). In addition, previous work suggests that the Gompertz form 
of density dependence is appropriate for these data (59). For the 
model in Eqs. 5 and 6, the total variance in relative species abun-
dance on log scale (hereafter ​​​total​ 

2 ​​ ) can be analytically partitioned 
into additive components as follows

	​​ ​total​ 
2  ​  = ​  ​​r​ 

2​ ─ 
​​​ 2​

 ​ + ​ ​​e​ 
2​ ─ 2 ​ + ​​​ 2​  = ​ ​niche​ 

2  ​ + ​​env​ 2  ​ + ​​​ 2​​	 (7)

and thus the proportional variance components r, e, and d 
(Eqs. 2 to 4) would be equal to ​​​​niche​ 

2 ​  _ 
​​total​ 

2 ​
 ​​, ​​ ​​env​ 2 ​  _ 

​​total​ 
2 ​

​​, and ​​  ​​​ 2​ _ 
​​total​ 

2 ​
​​, respectively (also 

see Fig. 1). Extension of the model in Eq. 5 to explicitly incorpo-
rate demographic variance (intrapopulation heterogeneity in demo-
graphic rates and demographic stochasticity) suggested that these 
effects will be principally captured by the 2 term of Eq. 7 and thus 
d = 1 − 0 of Eq. 4, given that, similar to sampling effects, demo-
graphic variance will disproportionately affect observed abundances 
of the rare species. However, to be conservative, our interpretation 
takes account of the possibility that part of the stochastic fluctua-
tions component of species abundance variance (i.e., e = 0 − ∞ of 
Eq. 3) could be due to demographic stochasticity.

Some of the assumptions of the stochastic dynamics model in 
Eq. 5 are restrictive. Equation 5 assumes that the strength of density 
regulation and the magnitude of environmentally mediated fluctua-
tions (i.e., variance in population growth rate due to environmental 
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fluctuations) are the same for all species, and it also assumes that 
there are neither species interactions nor any covariation in species’ 
responses to environmental fluctuations. All these assumptions might 
be violated to some degree in our study system. For a community 
showing Gompertz-type dynamics, the lognormal stationary distri-
bution of abundances is quite robust to these simplifying assumptions. 
However, to our knowledge, the robustness of variance component 
estimates has not been investigated previously, so we investigated 
this in considerable detail in Supplementary Simulation Study.

Estimating richness and unevenness based on VPRSA
We also used the Poisson-lognormal distribution (PLN) to estimate 
(time-averaged) alpha-diversity measures of richness and uneven-
ness of reef fishes as follows. We fit this distribution to each of the 
440 species abundance distributions (40 reefs × 11 years) using the 
method of maximum likelihood. Fitting this distribution yielded 
maximum likelihood estimates of the SD of log abundance (hereafter 
PLN-) for the underlying community from which the data are a 
sample. The skewness of a lognormal distribution is a function of 
this parameter alone, implying that the skewness (i.e., the uneven-
ness) of abundances in the fish community from which the data are 
a sample is a monotonically increasing function of PLN- (i.e., larger 
values indicate more uneven communities). In addition, Poisson-
lognormal fits can be used to estimate the total number of species in 
the community, by producing an estimate of the probability that a 
species is present in the community but not observed in the sample, 
denoted ​​  ​P​ 0​​​​. An estimate of total community richness is simply the 
number of observed species divided by ​1 − ​  ​P​ 0​​​​. We estimated the 
PLN-2 parameter (i.e., the variance of the species abundance dis-
tribution from which the sample was drawn) for each year using 
maximum likelihood methods, and then, we calculated the mean of 
these values across years for each reef as our reef-scale measure of 
unevenness (averaged PLN-2 here is equivalent to ​​​total​ 

2 ​​  in Eq. 7). 
Similarly, we used the mean of the estimated total community rich-
ness across years for each reef as our reef-scale measure of spe-
cies richness.

There are two important advantages of using PLN- as an in-
verse measure of evenness: First, it is not sensitive to differences in 
sample completeness that may bias other evenness metrics, and, 
second, it can vary independently of species richness. These advan-
tages make PLN- a particularly useful complement to richness as a 
diversity metric (37). In this respect, it is unlike other diversity indi-
ces, which are explicitly functions of both richness and evenness, 
making any differential responses of these two diversity components 
more difficult to disentangle. Nevertheless, to confirm that our 
findings were not sensitive to specific choice of diversity metrics, we 
repeated all analyses involving richness and evenness using raw 
observed richness, the nonparametric Chao1 estimator, and the 
Simpson and Shannon-Pielou diversity indices.

Parameter estimation for VPRSA
To estimate the three VPRSA components that completely partition 
the variation in relative abundances of fishes over years for each 
reef, we fitted a mixed-effects version of Eq. 1 to the LTMP dataset 
(Supplementary Text). Specifically, we fitted a family of nonlinear 
mixed-effects models, in which each of the fitted parameters (∞, 0, 
and  in Eq. 1) may be fixed constants for all reefs or they may ran-
domly vary among reefs according to latent lognormal distributions 
(Supplementary Text). These models were parameterized in Template 

Model Builder (TMB) in R. We fitted models with different combi-
nations of the three temporal autocorrelation function parameters 
of Eq. 1 as fixed versus random, and we ranked model fits by AIC 
(Akaike information criterion) and bootstrapped AIC (Supplemen-
tary Text). We then checked for numerical stability of the model fits 
(i.e., we confirmed that the model’s random effects parameter esti-
mates were valid), and we chose the best-fitting model (by AIC and 
bootstrapped AIC) that yielded a numerically stable fit as our basis 
for inference (Supplementary Text). Next, we used the estimates of 
fixed and reef-level random effects of the best-fitting model to cal-
culate variance components for each reef according to Eqs. 2 to 4.

Predicting among-reef variation in community properties 
obtained from VPRSA
We used a piecewise structural equation model (piecewise SEM) 
and ordinary least-squares (OLS) regression to investigate the extent 
to which variation among reefs in coral cover fluctuations [tempo-
ral mean, SD, and coefficient of variation (CV) of coral cover at each 
reef], latitude, and cross-shelf position may explain variation in reef 
fish community structure (variance components, species richness, and 
unevenness). SEM was performed using the R package “piecewiseSEM” 
(60). We chose latitude and cross-shelf position as our major ex-
planatory variables because many factors that are likely to affect 
community structure on coral reefs, such as temperature, turbidity, 
and nutrient loading, vary strongly with one or both of these spatial 
variables (fig. S1). SD and CV of coral cover were both right-skewed, 
so they were log-transformed to reduce the heterogeneity of leverage 
values associated with the different reefs in our analysis [model 
selection yielded the same best-fitting models when they were un-
transformed, and R2 values were higher (R2 = 0.55), making our re-
sults conservative with respect to the conclusions drawn]. Log(SD) 
and log(CV) of coral cover were strongly collinear (Pearson’s r = 0.89; 
table S10), and model selection always preferred models using SD 
rather than CV when analogous models were compared [e.g., AIC 
favors a multiple regression model with interactive effects of log(SD) 
and mean coral cover over a model with interactive effects of 
log(CV) and mean coral cover], so we have not presented results for 
the models using log(CV). In addition, the persistent species differ-
ences and stochastic fluctuation variance components were almost 
perfectly negatively correlated (Pearson’s r = −0.98; table S11), so 
we omitted the stochastic fluctuation variance component from our 
piecewise SEM. None of the remaining explanatory variables were 
highly correlated with one another (tables S10 and S11). We used AIC 
and adjusted R2 for model comparisons. We chose the parsimonious 
model with fewer parameters (effects) whenever AIC differences (AIC) 
among candidates were smaller than 2 because, in these cases, ad-
justed R2 favored the simpler models and because the additional 
variables included in the more complex models tended to have 
comparatively weak effects. In practice, this affected only model 
selection for unevenness, where the lowest AIC model included an 
additive effect of mean coral cover (in addition to a latitude × cross-
shelf position interaction) that was small in magnitude and led to a 
marginally worse adjusted R2 (table S4).

Last, because the reef-level proportional variance components 
were estimated from fits of another statistical model, rather than being 
directly observed, we also performed a sensitivity analysis to test the 
robustness of our results to parameter uncertainty. Specifically, we 
estimated the uncertainty in our estimates of variance components 
by parametric bootstrap, resampling random effects values for the 



Tsai et al., Sci. Adv. 8, eabm6858 (2022)     15 June 2022

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

9 of 10

LTMP’s 40 reefs 10,000 times from the variance-covariance matrix 
of the fitted nonlinear mixed-effects model based on TMB. Then, each 
bootstrap set of reef-level proportional variance component values 
was reanalyzed using the OLS regressions repeated on each of the 
bootstrapped datasets. We evaluated the robustness of our model 
selection procedure by quantifying the percentage of bootstrapped 
datasets for which each model was selected as the best model by AIC.

Sensitivity analysis of community properties among 
functional groups
Reef fish community data were separated into five major functional 
(trophic) groups: herbivores, planktivores, piscivores, corallivores, 
and benthic invertivores. These functional groups were classified 
according to previously published functional classifications of reef 
fishes, supplemented by communication with experts in the field 
(table S5). Of these functional groups, only three (i.e., herbivores, 
planktivores, and benthic invertivores) were sufficiently species-rich 
to analyze separately. We repeated all the analyses conducted on the 
overall dataset for each of the groups, as described above. We then 
compared the distribution of reef-scale estimates of variance com-
ponents for the three functional groups with each other and with 
those for the pooled (i.e., across the whole dataset, not separated by 
functional groups) assemblages to determine whether the magnitudes 
of the variance components changed markedly when functional groups 
were considered independently. Formally, these comparisons were 
made with paired t tests with Bonferroni correction for multiple 
comparisons.

To examine the potential influence of coral cover variables on 
variance components of fish relative species abundance within func-
tional groups, we fitted relationships between variance components 
and coral cover variables using OLS regression. In the full model, 
temporal mean and log-SD in coral cover and functional group were 
considered as explanatory variables. AIC was used for model selec-
tion, beginning with a model including all main effects and inter-
actions. Effects of latitude, cross-shelf position, and functional group 
on richness and unevenness were also examined in a similar fashion.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abm6858
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