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Abstract

The sustainability of marine communities is critical for supporting many biophysical pro-
cesses that provide ecosystem services that promote human well-being. It is expected that
anthropogenic disturbances such as climate change and human activities will tend to create
less energetically-efficient ecosystems that support less biomass per unit energy flow. Itis
debated, however, whether this expected development should translate into bottom-heavy
(with small basal species being the most abundant) or top-heavy communities (where more
biomass is supported at higher trophic levels with species having larger body sizes). Here,
we combine ecological theory and empirical data to demonstrate that full marine protection
promotes shifts towards top-heavy energetically-efficient structures in marine communities.
First, we use metabolic scaling theory to show that protected communities are expected to
display stronger top-heavy structures than disturbed communities. Similarly, we show theo-
retically that communities with high energy transfer efficiency display stronger top-heavy
structures than communities with low transfer efficiency. Next, we use empirical structures
observed within fully protected marine areas compared to disturbed areas that vary in stress
from thermal events and adjacent human activity. Using a nonparametric causal-inference
analysis, we find a strong, positive, causal effect between full marine protection and stronger
top-heavy structures. Our work corroborates ecological theory on community development
and provides a quantitative framework to study the potential restorative effects of different
candidate strategies on protected areas.

Author summary

The sustainability of marine communities is critical for supporting many bio-physical
processes, including human well-being. Human impacts, including land-based and
ocean-based activities that modify, exploit, and pollute marine habitats, have been
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reported to alter species composition and biomass. Marine protected areas (MPAs) have
been established for the conservation of target species, including the protection of eco-
nomic resources and biodiversity. However, we know little about the cause-effect relation-
ship between MPAs and community-wide properties of marine communities under
climate change and anthropogenic disturbances. Yet, this knowledge is central to increase
our understanding of the development and potential restoration of marine communities.
Here, we combine big data, ecological theory, and nonparametric causal-inference analy-
sis to provide key evidence of the cause-effect relationship between MPAs and the struc-
ture of fish communities. Specifically, we find that fully protected areas directly increase
by the probability that fish communities display a stronger top-heavy structure relative to
limits imposed by their environmental contexts, supporting more biomass per unit of
energy flow. Because restoration and conservation efforts require interventions, it then
becomes necessary to increase our understanding of cause-effect relationships between
disturbance and community composition.

Introduction

Human activities and environmental change are accelerating rates of biodiversity loss from
ecosystems worldwide [1-3]. Through impacts on the geographical distributions, population
abundances, and body size of organisms, anthropogenic stressors such as climate change and
harvesting can fundamentally alter community composition [2, 4, 5]. For example, functional
coral reefs and marine ecosystems are critical for maintaining the biophysical processes that
support fisheries and other ecosystem services that contribute to human well-being [6-8]. Yet,
the loss of coral can occur because of thermal stress as well as land- and ocean-based human
activities [9], which in turn can lead to cascading effects on entire reef-associated communities
[10]. Because restoration and conservation efforts require interventions, it then becomes nec-
essary to increase our understanding of cause-effect relationships (not just correlations)
between disturbance and community composition.

It is hypothesized that less-disturbed communities will tend to develop more energetically-
efficient systems (i.e., support more biomass per unit energy flow) [11, 12]. This hypothesis is
based on both the Energetic Equivalence Hypothesis (EEH) [13], which states that the total
energy used by different species tends to be constant (i.e., independent of body size), and Met-
abolic Scaling Theory (MST) [14], which is built on the sub-linear scaling of standard meta-
bolic rate with body size [15, 16]. Following MST, the power-law scaling exponent between
body mass and biomass is therefore expected to be around 1/4 or less accounting for the ineffi-
ciency of transfer of energy across trophic levels [17]. In turn, population biomasses within
ecosystems vary as a function of the species body size—commonly referred to as differences in
community structure [18-20]. Body size or mass is considered a “master trait” that scales with
organisms’ physiology, regulating metabolic requirements [16], constraining feeding range
[21], and shaping the trophic position of species in marine food webs due to energy transfers
[22]. It is debated, however, whether less disturbed systems should translate into bottom-
heavy structures (small basal species are the most abundant and large apex predators the least
abundant) or top-heavy structures (more biomass can be supported at higher trophic levels
with species having larger body size) [19, 23-26]. Debates continue about these hypotheses
because of the lack of feasible interventions that can be done to test theoretical predictions in
marine communities. For example, deviations of community structures in marine communi-
ties from theoretical expectations have been explained by processes including [24, 26] complex
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predatory behavior (e.g., large predators feed on lower trophic levels or have wider diet width
[19]), foraging of mobile consumers for energy subsidies provided by fish spawning grounds
[23, 27, 28], increased rates of trophic energy flux due to warming [14], decreased body size
due to higher temperatures [29], and noise in local sampling [30]. Yet, understanding the link
between disturbance, efficiency, and structure is essential for determining the factors regulat-
ing the dynamics and sustainability of marine communities.

To address the debate between bottom- and top-heavy ecosystems, we need well-defined
experiments that eliminate all sources of bias using randomized controlled trials and test the
effectiveness of a given intervention [31]. Indeed, while observational data are designed to pre-
dict likely mechanisms or processes, they cannot establish cause-effect relationships, only asso-
ciations [31, 32]. That is, following Reichenbach’s principle [33], if two variables are
statistically related, then there exists a third variable that causally influences both (known as a
confounding effect). Under specific contexts, this third variable can be one of the two variables,
establishing a causal relationship between them. In this line, causal inference tools, such as
path analysis or structural equation modeling [32], have been developed to obtain information
about causes from observations. While extremely useful, these tools assume linearity or mono-
tonicity in all the relationships, but many times this can be difficult to prove [31, 34]. Neverthe-
less, new advancements in nonparametric, causal, inference analysis allow us to investigate the
structure and extent to which a likely cause can affect the probability that a given effect hap-
pens without many assumptions [31, 35].

As it is unfeasible to perform large-scale and controlled experiments of disturbance in
marine communities, marine protected areas (MPAs) present unique observational opportu-
nities to infer the causal relationship between protection from human disturbance and com-
munity structure in conjunction with differing levels of thermal stress and human activity.
First, we use metabolic scaling theory [14] to establish theoretical predictions about the cause-
effect relationship between protection from disturbance and structure of marine communities.
Next, we use the empirical community structures observed within fully protected marine areas
compared to disturbed areas across 299 geographical sites worldwide, comprising population
data from 1,593 non-benthic marine species. Because no two communities are subject to the
same internal [19, 28] (e.g., interspecific effects) and external conditions [36] (e.g., thermal
stress), we follow a nonparametric causal-inference analysis [31, 35] to discover causal hypoth-
eses and test the existence of a genuine causal relationship between marine protection and top-
heavy structures. Finally, we discuss the implications of our results for the protection of marine
communities and future avenues of research.

Methods
Data

We analyzed 479 sampled communities from 299 sites (Fig 1) from the Reef Life Survey data-
base [37] comprising population data from more than 1,500 non-benthic marine species with
individual body size information. Body size was measured as body mass and data were aggre-
gated by year. Our analysis included observations (sampling sites in a given year) which were
surveyed more than once per year and contained at least five species. This decision was based
on the rarefaction analysis and Kolmogorov-Smirnov tests to assess the impacts of annual
sampling effort on species richness (see Supporting Information for more details). We col-
lected weekly sea surface temperature (SST) from NOAA’s (National Oceanic and Atmo-
spheric Administration) remote sensing database. In our analysis, we used the sum of thermal
stress anomalies (TSA), calculated as the number of events when the average difference
between weekly SST and the maximum weekly climatological SST was above 1°C between
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Fig 1. Global distribution and attributes of study sites. We analyzed 299 Reef Life Survey [37] sites which were surveyed more than once per year. The
color of the circles corresponds to the number of species observed at a given site. The background color corresponds to the thermal stress anomalies
(TSA), which are calculated as the sum of all the values of TSA between 1982 and 2019, at which the average value of TSA was above 1°C. The black lines
show the borders of fully protected areas (Marine Protected Areas under IUCN Category Ia). This figure was created using www.naturalearthdata.com.

https://doi.org/10.1371/journal.pchi.1011742.g001

1982 and 2019 [38]. The distribution of warm-water coral reef was obtained from
UNEP-WCMC World Fish Centre database [39]. The information on marine protected areas
was obtained from UNEP-WCMC and IUCN Protected Planet database [40]. The information
on human population density was obtained from Gridded Population of the World [41]. The
human population density was quantified as humans/km? in a 25-km radius around the sam-
pling site [42]. Lastly, we used the regression coefficient (k) between log biomass and log of
average body sizes as a measure of community structure. The higher the values of k, the stron-
ger a community is characterized by a top-heavy structure.

Theoretical analysis

To carry out our theoretical analysis, we randomly generated food web matrices of 35 species
(in order to match the results with the empirical median richness level) based on the general
niche model [43]. Following Ref. [44], we set the connectance of each food web given by the
function of the number of species as C = S"%. Second, using scaling relationships [45], for
each community, we calculated average individual body masses for each species i as

M, = M,-Q™i~*+<%), where M, is a mass constant (here M, is assumed to be 1), TL; corre-
sponds to average trophic level if each species, Q is the average body mass ratio across trophic
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levels set to 10° (different values yield qualitatively similar results), and random noise e ~ N(0,
1). The predator-prey mass ratios (PPMR;;) were calculated for each species pair based on the
average body masses (M;/M;). The median predator-prey mass ratio ranges around 10 — 10" in
each community (Fig 2A) corresponding to observations. Third, following Refs. [19, 46], we
estimated the transfer efficiency of each species i proportional to its body mass as

TE, = TE,,, - M; "% /max(M; "), where TE,,, is a scaling constant, which sets the maximum
value of transfer efﬁc1ency of the community for the lowest trophic level. Fourth, to systemati-
cally investigate the effect of trophic transfer efficiency, we varied the scaling constant of trans-
fer efficiency TE,, . € (0, 1)—higher values lead to higher efficiency. Fifth, following Ref. [14],

we assumed that biomass is proportional to average body size in the form B, oc M, where the
individual biomass scaling coefficient is defined as k, = 0.25 + .- - X, log(TE,) /log(PPMR;),
7

where #; is the number of prey species. The community scaling coefficient (k) was estimated
as the slope of the least square regression between log biomass (B;) and log body masses (M,).
Due to the properties of log ratios in the equation, we set log(TE;) if PPMR;; > 1 and log(1 -
TE)) if PPMR;; < 1 in order to conserve the correct interpretation of increasing transfer effi-
ciency. To theoretically investigate the potential effect of protection on community structure,
we assumed a size-selective harvest of large fish species [25] as the source of disturbance. Fol-
lowing Ref. [47], size-selective harvest affects species in two ways; it decreases the average indi-
vidual body mass and reduces the number of individuals. Thus, in each simulation, we set the
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Fig 2. Theoretical predictions. Using metabolic scaling theory (see Methods for details), Panel (A) depicts the distribution of
Spearman’s rank correlation coefficients between average body size and average trophic level (pgy;. 11.). Panel (B) shows an example
of how simulated selective harvesting affects the body size (measured as body mass) distribution of species. Specifically, selective
harvesting is expected to reduce the number of individuals and average body size of larger-bodied species. Panel (C) shows the
distribution of the median predator-prey mass ratios (PPMR) in each simulated community. Panel (D) shows that protected marine
communities (blue boxplots) are expected to display stronger top-heavy structures than disturbed communities (yellow boxplots).
Community structure is measured by the community scaling coefficient (k.), and higher values represent stronger top-heavy
structures. Similarly, communities with higher transfer efficiency (TE,,,,) display stronger top-heavy structures than communities
with lower efficiency. Horizontal dashed line shows the expected scaling coefficient (k. = 0.25) based on the energetic equivalence
hypothesis and lower values (light blue background) are the expected scaling coefficients accounting for trophic transfer efficiency.

https://doi.org/10.1371/journal.pchi.1011742.g002
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fraction of species harvested to 40% (different percentages yield qualitatively similar results)
and we determined the identity of harvested species from the community by randomly sam-
pling where we assigned higher probability to larger fish species to be selected. As a next step,
we randomly sampled the level of harvest for each fished species (r;) from a uniform distribu-
tion (U[0.3, 1]), where we set the minimum amount of removal at 30%. Finally, we calculated
the harvested community biomass scaling coefficient (k") as the slope of the least square
regression between log harvested population biomasses (B!) and log harvested individual body
sizes (M"). We simulated 1000 communities for each level of the maximum transfer efficiency,
TE s € 10.1, 0.3, 0.5, 0.7}

Causal discovery with Inductive Causation

In order to establish the causal relationships between the presence of coral reefs, human den-
sity, thermal stress anomalies, marine protection and community structure, we used the IC
(Inductive Causation) algorithm [31]. First, the skeleton (undirected edges) of the causal graph
is inferred based on a series of conditional independence tests (see S2 Table in Supporting
Information), where dependence for each pair of variables X and Y in the set of endogenous
variables V is established when X and Y cannot be found conditionally independent given any
combination of variables Sxy (X LY|Syy € V\ {X, Y}). The discovered undirected edges are
the following: Human density—-MPA, Structure-MPA, MPA-Coral and MPA-TSA. Second,
v-structures (colliders) are identified such that for each pair of nonadjacent variables X and Y
with a common neighbor Z, we check if conditioning on Z leads to X £Y|Z. In our case, we
identified three v-structures: Human density — MPA « TSA, Coral — MPA « TSA and
Human density — MPA « Coral. Lastly, we oriented the undirected edge between MPA and
Structure such that MPA — Structure, following the rule defined by Ref. [48] (R1: orient b—c
into whenever there is an arrow such that a and ¢ are nonadjacent).

Genuine causal relationship

Following Ref. [31], the subsequent statistical three-step criterion needs to be fulfilled in order
to establish a genuine causal effect of random variable X on random variable Y. (i) X has to be
statistically dependent on Y under a context C (set of additional variables). (ii) There must be a
potential cause Z of X. This is true if Z and X are statistically dependent under context C, there
is a variable W and context S; C C such that Z and W are statistically independent, and W and
X are statistically dependent. (iii) There must be a context S, C C such that variables Z and Y/
are statistically dependent but statistically independent under the context S, U X. This 3-step
criterion assumes that measured variables are affected by mutually independent, unknown,
random variables.

Rules of do-calculus

For readers’ convenience, here we write the three rules of do-calculus [31]. Let G be a directed
acyclic graph (DAG) associated with a causal model and let P stand for the probability distri-
bution induced by that model. Let Gi denote the graph obtained by deleting from G all arrows
pointing to nodes in X. Likewise, G, denotes the graph obtained by deleting from G all arrows
emerging from nodes in X. Finally, let Z(W) denote the set of Z-nodes that are not ancestors of
any W-node. For any disjoint subset of variables X, Y, Z and W, we have the following three
rules. Rule 1 (insertion/deletion of observations): P(y|do(x), z, w) = P(y|do(x), w) if

(Y 1L ZX, W)G}. Rule 2 (action/observation exchange): P(y|do(x), do(z), w) = P(y|do(x), z, w)

if (Y 1L Z|X, W),_ . Rule 3 (insertion/deletion of actions): P(y|do(x), do(z), w) = P(y|do(x), w)
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Fig 3. Inferred causal graph. Marine protection is the direct cause of community structure. Furthermore, thermal
stress anomalies, coral reefs, and human density affect the placement of fully protected areas. The causal graph was
inferred using a causal discovery algorithm (inductive causation) based on conditional independence testing. This
figure was created using thenounproject.com.

https://doi.org/10.1371/journal.pcbi.1011742.9g003

if (Y 1L Z|X, W),___.Note that 1L: independent and }: dependent. In the main text, we

X.Z(W)
stated that P(Structure|do(MPA)) = P(Structure| MPA). Based on the causal graph shown in Fig
3, this is true given that (Y = Structure L Z = MPA|X = {}, W = {}),_ or alternatively
Xz

(Y = Structure L Z = MPA|X = {Coral}, W = {TSA}),._ .
Xz

Results
Theoretical analysis

To establish our theoretical predictions, we start by studying how changes in transfer effi-
ciency (TE) across trophic levels affect the structure of marine communities. Specifically, we
conduct a synthetic analysis based on metabolic scaling theory [14]. Following Ref. [18], we
assume that size-based predation is responsible for the pathways of energy transfer in food
webs from basal to higher trophic levels (see Methods for details). First, we randomly gener-
ate food web matrices based on the general niche model [43]. Second, using scaling relation-
ships [45], for each community, we calculate average body masses for each species i as M; =
M, QL= 1+ fi), where M, is a mass constant (here M, = 1), TL; corresponds to average
trophic level, Q is the body-mass ratio across trophic levels (set to 10), and random noise ¢;.
Thus, body mass increases with trophic level based on empirical observations [23, 46], so
that the average predator-prey mass ratio ranges between 10 — 10* in each community (Fig
2A and 2C). Third, following Refs. [19, 46], we determine the transfer efficiency of each spe-
cies i proportional to its body mass as TE, = TE, . - M; "% /max(M;"%) where the maxi-
mum trophic transfer efficiency (TE,,,,) denotes the largest value in the community for basal
species, so that transfer efficiency decreases with body mass (see S2A Fig). Lastly, following
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Ref. [14], we assume that the population biomass is proportional to average body mass in the
form B, oc M}, where k; is the individual biomass scaling coefficient (community structure).
Following the energetic equivalence hypothesis with trophic transfer correction [17], the
scaling coefficient is defined as k, = 0.25 + nLij log(TE,)/log(PPMR;), where n; is the num-

ber of prey species (see Methods for details). The predator-prey mass ratios (PPMR;;) were
calculated for each species pair, which allows for incorporating trophic generality, especially
for larger predators feeding on a wide variety of prey sizes [49, 50]. The community biomass
scaling coefficient (k) is calculated as the slope of the linear regression between log popula-
tion biomasses (B;) and individual body sizes (M;) across all species i.

To theoretically investigate the anthropogenic effect on community structure, we simulate a
size-selective harvest of larger-bodied fish species as a potential source of disturbance [25] (see
Methods for details). This selection effectively distorts body mass distributions by decreasing
the biomass and the average body mass of the harvested species (Fig 2B). After calculating the
harvested biomasses, the disturbed community scaling coefficient is given as the slope of least
square regression between log harvested biomasses and log harvested mean body sizes. Fig 2D
shows that the median of k. is higher for protected than disturbed communities due to the loss
of biomass and decreased average body mass for higher trophic level species. However, differ-
ences are more pronounced when communities are characterized by higher transfer efficien-
cies. We showed that the theoretical expectations set by the EEH with trophic transfer
correction (k. < 0.25) [17] can be largely exceeded by accounting for species having wide prey
size spectrum including larger species (i.e., PPMR < 1) coupled with higher values of transfer
efficiency. These theoretical results reveal that protected communities are expected to develop
more energetically-efficient top-heavy structures, as developmental hypotheses suggest [11, 12].

Empirical analysis

To conduct our nonparametric causal inference analysis, we use observational data from
marine reef-fish communities. These data comprise more than 1,500 fish species observations
together with spatial, temporal, and climatic variables across 299 sampling sites worldwide
from the Reef Life Survey database [37] (Fig 1, Methods). For each sampling location, we com-
pile data on whether the reef is within 10 km of a fully protected area (IUCN Category Ia: Strict
Nature Reserve) as well as external conditions, including: whether it is associated with a coral
reef within a 10-km radius, human population density (people per km?) within 25-km radius,
as a proxy for human activity [51], and how frequently it experienced thermal stress anomalies
(TSA) [38], as a measure of one climate-driven impact.

Community structure is traditionally measured by the power law exponent (k) between
body sizes and biomass (or abundances) of species or trophic groups [19]. We calculate the
empirical community scaling exponent k¢ as the slope of the least squares regression between
log average body masses and log population biomasses of species for each community. The
higher the values of k¢, the stronger a community is characterized by a top-heavy structure.
Because the theoretical biomass-size power law exponent is constrained to be k < 0.25 unless
prey size exceeds predator size [19, 23]. However, the empirical biomass scale exponents
largely exceeded the theoretical expectations (median value of k. = 0.82) with higher average
values in protected communities (Fig 4).

Empirical body mass distributions (measured as the community-weighted mean of body
masses in each community) do not significantly differ in disturbed and protected communities
(S3A Fig), but the relationship between empirically measured average trophic level and average
body mass is mostly positive in protected areas and it highly varies in disturbed areas (S3B
Fig).
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Fig 4. Distribution of community structures across different marine and geographical properties. The panels show
the empirical distribution of community structures, measured as the regression coefficient (k’) between log average
individual body size and log population biomass. Higher values of k¢ represent stronger top-heavy structures. Human
density is people per km?” within 25-km radius (following Ref. [51]). High and Low categories are Distributions
separated by protected communities (MPAs under IUCN Category Ia) and disturbed communities. We transform all
quantitative variables into binary variables based on the median values. That is, values above the median are translated
as V=1, otherwise V= 0. We refer to V=1 (resp. V = 0) to high (resp. low) values. Note that some variables are already
binary by definition, such as the presence or absence of protection and coral reefs.

https://doi.org/10.1371/journal.pcbi.1011742.9g004

In order to investigate the existence of a causal relationship between marine protection and
the structure of fish communities under the context of anthropogenic effects and climate
change, we carried out a causal inference analysis [31]. First, we established a causal graph or
hypothesis [31, 52]. Causal graphs can be constructed using expert knowledge or intuition.
Alternatively, these graphs can be discovered using Inductive Causation (IC) [31]. We inferred
the causal graph from empirical data using a standard IC algorithm (see Methods for details),
which is based on conditional independence tests [31]. To both standardize and simplify our
analysis, we transform all quantitative variables (community structure, MPAs, presence of
coral reefs, thermal stress anomalies, and human density) into binary variables based on the
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median values. That is, values above the median are translated as V' = 1, otherwise V = 0. Note
that other variables are already binary by construction, such as the presence of protected areas
and coral reefs. Fig 3 shows that the inferred causal graph supports the hypothesis that com-
munity structure and marine protection are causally related. Furthermore, the inferred graph
supports the hypothesis that external drivers such as the presence of coral reefs, thermal stress
anomalies, and human density influence the establishment of fully protected areas.

Second, we tested whether the hypothesized relationship between marine protection and
community structure is characterized by a genuine causal relationship and the extent of this
relationship. In causal inference analysis [31], genuine causal relationships depict the strongest
level of statistical support. This property requires the fulfilment of a statistical three-step crite-
rion (see Methods for details). Because of the nature of our causal hypothesis (Fig 3), the exis-
tence of a genuine causal relationship between marine protection (M) and community
structure (Y) can then be quantified as the average causal effect (ACEy: - E[Y|do(M = m)])
following the rules of do-calculus [31, 52] (see Methods for details). Based on the causal graph
shown in Fig 3, we can translate the interventional conditional distribution P(Y = y|do(M =
m)) into the observational conditional distribution P(Y = y|M = m), such that ACE,;y = P
(Y=1|do(M = 1)) — P(Y = 1|do(M = 0)). Put simply, the average causal effect is calculated as
the probability of k being higher than the median value in fully protected MPAs minus the
probability of k¢ being higher than the median value in disturbed areas. This direct translation
is possible by fulfilling Rule 2 of do-calculus of action/observation exchange (see Methods).

Table 1 shows all six possible combinations under which it is possible to satisfy the three-
step criterion necessary for inferring a genuine causal effect between protection from distur-
bance and community structure. Results show that all six combinations fulfilled the criterion
for genuine causation between protection and community structure. Note that the greater the
number of combinations, the stronger the statistical support for a genuine causal effect [31,
52]. Thus, following the relationships in Table 1 and the rules of do-calculus [31], the ACE
between protection and structure (k¢) can be computed using the observational probabilities
ACE = P(k = 1|Protection = 1) — P(k = 1|Protection = 0). Recall that we transform all variables
into binary values (1: above median, 0: below median) and higher values of k¢ represent stron-
ger top-heavy structures. Specifically, we find that fully protected areas directly increase by
43% (ACE = 0.431) the probability of observing fish communities with higher-than-average
top-heavy structures. Indeed, Fig 4 confirms that protected areas display stronger top-heavy
structures than disturbed areas across any combination of the external variables (Table 1)
required to fulfil the three-step criterion for a genuine causal relationship.

Discussion

Our findings suggest that full marine protection (MPAs under IUCN Category Ia) regulates
the structure of marine communities. Specifically, we have shown that protection in fully pro-
tected areas directly increases by 43% the probability that fish communities display a stronger
top-heavy structure, relative to limits imposed by the environmental context, and thus sup-
porting more biomass per unit of energy flow. Moreover, we show that top-heavy community
structures in marine ecosystems are theoretically possible following the assumptions estab-
lished by the Energetic Equivalence Hypothesis with trophic transfer correction [13, 14] incor-
porating trophic generality [49]. That is, the higher the transfer efficiency in marine
communities, the stronger the magnitude and variation of top-heavy structures. By theoreti-
cally mimicking size-selective harvesting, we have also shown that harvested communities
tend to develop more bottom-heavy structures compared to the unharvested state—consistent
with empirical observations [25]. However, the body size distributions do not differ
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Table 1. Genuine causal relationship between protection from harvesting and community structure. Here we test the criterion for inferring genuine causal relationship
between protection and community structure under the context of thermal stress anomalies (TSA), human density and the presence of coral reefs. Following Ref. [31], we
test the statistical 3-step criterion (i-iii) required to infer a genuine cause-effect relationship, the highest-level of causal inference that can be achieved (see Methods for
details). Note that steps ii and iii have six alternative routes [31, 52]. That is, Route 1: i-iia-iia.1-iiia. Route 2: i-iia-iia.2-iiia. Route 3: i-iib-iib.1-iiib. Route 4: i-iib-iib.2-iiib.
Route 5: i-iic-iic.1-iiic. Route 6: i-iic-iic.2-iiic. The larger the number of routes, the stronger the support. We use G test of independence [53]. We reject independence
when the p-value <0.05. IL: independent, {: dependent.

Variables Conditions G? test (p-value)
i X = Protection Y Y = Structure C = {Human,Coral, TSA} <107
iia Z = Human M X = Protection C={Coral, TSA,Structure} <107
iia.1 7Z =Human 1L W =TSA S =1{} 0.579
X = Protection £ W = TSA S ={} <107¢
iia.2 Z =Human IL W = Coral S ={} 0.174
X = Protection £ W = Coral Si=1} <107°
iiia Z =Human 4 Y = Structure S, = {Coral, TSA} <107°
Z =Human 1L Y = Structure S, = {Coral, TSA}U X = Protection 0.434
iib Z =TSA } X = Protection C={Coral,Human,Structure} <1078
iib.1 Z=TSA L W = Human S =1{} 0.579
X = Protection £ W = Human S =1{} <107
iib.2 Z =TSA 1L W = Coral S ={} 0.774
X = Protection £ W = Coral S ={} <107°
iiib Z=TSA A Y = Structure S, = {Coral, Human} <107°
Z =TSA 1L Y = Structure S, = {Coral,Human}U X = Protection 0.173
iic Z = Coral f X = Protection C={TSA,Human,Structure} <107
iic.1 Z = Coral I W = Human S ={} 0.174
X = Protection X W = Human Si=1} <107*
iic.2 Z = Coral IL W =TSA S =1} 0.774
X = Protection £ W = Coral S =1{} <107°
iiic Z = Coral £ Y = Structure S, = {TSA, Human} <10™*
Z = Coral 1L Y = Structure S, = {TSA,Human}U X = Protection 0.053

https://doi.org/10.1371/journal.pcbi.1011742.t001

significantly between protected and disturbed communities, but the relationship between tro-

phic level and average species body mass is largely positive in protected areas and highly vari-
able in disturbed areas (S3 Fig) potentially due to overfishing [54]. In turn, other human
activities, such as chemical pollution or habitat destruction, can reduce transfer efficiency by
affecting nutrient availability [55]. Using fully protected areas, we have corroborated the exis-
tence of a positive genuine cause-effect relationship between full marine protection and top-
heavy structures. The close match between our theoretical predictions and empirical findings

supports the hypothesis that less disturbed ecosystems tend to be more energetically efficient

[11, 12]. In regards to conservation and restoration efforts, our results open up the possibility
to move from correlation to causation processes.
It is worth mentioning the scope and limitations of our work. Our theoretical model based

on metabolic scaling relationships provides qualitative predictions regarding the shape of com-
munity structure, in terms of population biomass distribution across body masses and its asso-
ciation with trophic transfer efficiency. The shape of community structure carries information
about ecological processes that potentially allow us to predict future community responses to
disturbance and other types of environmental changes. While we were not able to calculate the
trophic transfer efficiency in empirical communities directly, the similarity of our theoretical
results to observed structural patterns strongly suggests that protected communities exhibit
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more energetically efficient structures compared to disturbed communities. Yet, the link
between community structure and trophic transfer efficiency in empirical settings should be
further investigated. Indeed, multiple processes can impact the efficiency of energy transfer in
marine communities, such as different temperature sensitivity of metabolism across trophic
levels, resource availability, and quality or non-predatory fluxes of organic material [56]. In
fact, it is estimated that transfer efficiency varies widely between 1-52% across different
regional and environmental contexts [56]. Our results point towards a large impact of transfer
efficiency on community structure and composition, highlighting an important dynamic that
has been understudied [57]. Additionally, in our theoretical analysis, we showed that predator-
prey mass ratios together with transfer efficiency can generate a huge variety of community
structures without violating the assumptions of EEH with trophic transfer correction. Most
importantly, having a higher transfer efficiency alone can lead to top-heavy structures. For
example, it has been shown that the presence of both large generalist predators and gigantic
secondary consumers that feed much lower in the trophic web than predicted by size alone
can lead to top-heavy structures [19]. However, other mechanisms such as spatial energy subsi-
dies [23] can also contribute to reshaping community structure, therefore, more detailed infor-
mation about predator-prey interactions is needed to separate the different mechanisms
affecting community structure [58].

As human density and cumulative impacts in coastal areas increases [42, 59], and thermal
stress anomalies become more frequent due to climate change [4, 60], it becomes increasingly
important to sustain the function of marine communities [61]. While we have not studied the
recovery of communities to a specific restoration baseline (which remains highly debated
[62]), our results do point towards a strong, positive, genuine causal effect of full marine pro-
tection and the structure and efficiency of fish communities. Therefore, we believe that our
theoretical and nonparametric methodologies can be used as a quantitative framework to
study and guide experimental work focused on measuring the effect of potential interventions
on relevant reference states of ecological communities in general.

Supporting information

S1 Fig. Sampling effort per year and an example of a rarefaction curve. The grey circles rep-
resent communities aggregated in a given location across a year. The majority of communities
were sampled once per year, and only a small fraction of the aggregated communities were
sampled more than once a year (sampling effort >1). For communities sampled more than
once in a given year, we conducted a rarefaction analysis to estimate the effect of sampling
effort on species richness by resampling communities and then plotting the number of species
in each constructed community against sampling effort (an example shown in the top right
panel).

(TIFF)

S2 Fig. Theoretical distributions. Panel (A) shows an example of trophic efficiencies in a sim-
ulated community (TE,,,,, = 0.7). On average, trophic efficiency decreases with trophic level.
Panel (B) shows that the average predator-prey mass ratio (PPMR) increases with trophic
level.

(TIFF)

S3 Fig. Empirical distributions. (A) Species body sizes were weighted by species abundance
for each community. The average community-weighted mean of body masses (CWMp,,) in
protected and disturbed areas show similar values. (B) The distribution of Spearman’s rank
correlation coefficient between average species body mass and trophic levels for empirical
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communities shows that empirical body masses do not always increase with trophic level. The
average species trophic level was obtained from Fishbase database [63].
(TIFF)

S1 Table. Comparison of empirical richness distributions across sampling efforts. We used
the Kolmogorov-Smirnov test to compare the empirical distributions of species richness
across communities with different levels of sampling effort (SE). Two samples are considered
not drawn from the same distribution if the p-values <a, where we set o = 0.05.

(DOCX)

$2 Table. Conditional independence tests for causal discovery. We use G* test of conditional
independence [53], where we reject independence when the p-value <0.05.
(DOCX)
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