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Integrating abundance and functional traits reveals
new global hotspots of fish diversity
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Species richnesshasdominatedourviewofglobalbiodiversitypatterns
for centuries1,2. The dominance of this paradigm is reflected in the
focus by ecologists and conservationmanagers on richness and asso-
ciatedoccurrence-basedmeasures forunderstandingdriversofbroad-
scale diversity patterns and as a biological basis for management3,4.
However, this is changing rapidly, as it is now recognized that not
only the number of species but the species present, their phenotypes
and the number of individuals of each species are critical in deter-
mining the nature and strength of the relationships between species
diversity and a range of ecological functions (such as biomass pro-
duction and nutrient cycling)5. Integrating these measures should
provide a more relevant representation of global biodiversity pat-
terns in terms of ecological functions than that provided by simple
species counts. Here we provide comparisons of a traditional global
biodiversity distribution measure based on richness with metrics
that incorporate species abundances and functional traits. We use
data fromstandardizedquantitative surveys of 2,473marine reef fish
species at 1,844 sites, spanning 133 degrees of latitude from all
ocean basins, to identify new diversity hotspots in some temperate
regions and the tropical eastern Pacific Ocean. These relate to high
diversity of functional traits amongst individuals in the community
(calculated using Rao’s Q6), and differ from previously reported
patterns in functional diversity and richness for terrestrial animals,
which emphasize species-rich tropical regions only7,8. There is a
global trend for greater evenness in the number of individuals of
each species, across the reef fish species observed at sites (‘community
evenness’), at higher latitudes. This contributes to the distribution of
functional diversity hotspots and contrasts with well-known latitu-
dinal gradients in richness2,4. Our findings suggest that the contri-
bution of species diversity to a range of ecosystem functions varies
over large scales, and imply that in tropical regions, which have
higher numbers of species, each species contributes proportionally
less to community-level ecological processes on average than species
in temperate regions. Metrics of ecological function usefully
complement metrics of species diversity in conservation manage-
ment, including when identifying planning priorities and when
tracking changes to biodiversity values.
Species do not contribute equally to varied ecosystem processes and

delivery of services9, and thus the sustainability and resilience of these
processes depend on aspects of diversity beyond the number of species
present in a community. This rationale has led to recent exploration of
functional diversity indices to describe variation in traits that mediate
species’ contributions to ecosystem processes10. Community-wide con-
tributions to a range of processeswill dependnot only onwhich species
and functional traits are present but also on their relative abundances;

yetonlya fewstudiesof functionaldiversityhaveaccounted for theuneven
distribution of individuals of different species within a community11.
So far, these studies have not used consistent quantitative sampling to
account for the functional consequences of widely differing species
abundances at a global scale.
Our global analysis focuses on reef fishes, using data collected from

4,357 underwater visual transects. Fishes are ideal for a global diversity
analysis, as they represent themost diverse vertebrate group, encompass
a range of important and diverse ecological roles, andmarine fishes are
relativelywell known taxonomically and functionally.We build onprior
analyses of coral reef fishdiversity12,13by substantially expanding the reef
fish database in theworld’s temperate and sub-polar regions, providing
the first global maps of abundance-weighted functional diversity for
any taxon in the oceans, and assessing congruence between richness
and abundance-weighted functional diversity measures.
Our functional diversity index summarizes community diversity

with respect to eight traits that contribute to the functional position of
species in the ecosystem, encompassing body size (maximum length),
feeding ecology (trophic group, trophic breadth), behaviour (water
column position, diel activity pattern, gregariousness), and habitat use
(preferred substratum, habitat complexity) (Extended Data Table 1).
We calculate functional diversity using Rao’s quadratic entropy6, Q, a
measure of community-level dispersion of species in functional trait
spaceweighted by their relative abundances. Rao’sQ is notmathemati-
cally constrained to be positively correlated with species richness6, and
thus allows unbiased tests of the relationships between species diversity
and functional diversity.We use functional group richness to represent
the richness of species groups sharing similar functional traits, for the
purpose of describing a traditional representation of functional diver-
sity, and for comparison with other diversity metrics.
Previous global and broad-scale studies of marine fishes based on

compilations of species distribution records have shown that species
richness declines with increasing latitude and distance from hotspots
in southeast Asia and the Caribbean12–14. Here we corroborate these
patterns for reef fishes using thenumberof species observed in a standar-
dized area at the scale of individual reefs (‘species density’; Fig. 1a).
Global mapping was based on predictions using broad-scale environ-
mental variables, from random forestmodels that were generated from
the site-level diversitymeasures and corresponding environmental data,
with the effect of inherent spatial autocorrelation evaluated (seeMethods).
As expected fromstudies of other taxa7, the richness of functional groups
(Fig. 1b) closely resembles the pattern in species density, with more
trait combinations present in speciose tropical regions.
Functional diversity of reef fish communities, incorporating relative

abundances of species, shows markedly different global patterns to
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those of species density and functional group richness (Fig. 1d), and is
influenced by a previously undocumented global trend of increasing
community evenness with latitude (Fig. 1c). Although current under-
standing of global patterns in functional diversity is based largely on
richness-based measures7, and thus highlights only tropical regions as
hotspots, we found only a weak relationship between functional group
richness and abundance-weighted functional diversity (r50.21; Extended
Data Fig. 1; this was weaker when functional richness was expressed as
the volume of trait space occupied). It is well-documented that the
ecological effects of a species are generally proportional to its abund-
ance or biomass15. Thus, by incorporating observed variation in abun-
dances across species within sites, abundance-weighted functional
diversitymore accurately reflects community functional structure than
diversitymetrics based ona simple count or inventory of species present
within a broader geographic region. Our abundance-weighted metric
provides an improved measure of functionally relevant biodiversity
and an important new perspective to our understanding of global bio-
diversity. In addition to some tropical regions, new hotspots of fish
diversity are predicted for nutrient-rich regions, such as in cool bound-
ary currents, where plankton and macroalgal trophic pathways are
prominent. Conversely, oligotrophic regions, including some that are
heavily impacted such as the Mediterranean, generally have low func-
tional diversity (Fig. 1d), regardless of whether the total number of
functional groups is high.
The reasons for high functional diversity are not consistent across

hotspots. Sites that were surveyed in temperate regions were generally
characterized by higher functional diversity relative to species diversity
(or richness) than sites in the tropics (Fig. 2 and ExtendedData Table 2)
and greater evenness in abundances across species (high community
evenness; Fig. 1c). Thus, temperate functional diversity hotspots result
from high average variation between individual fish in terms of their
functional traits and likely functional roles (‘high individual comple-
mentarity’). Tropical hotspots generally occur in regions where mode-
rate to high functional group richness coincideswith regions ofmoderate

community evenness, and thus can result fromhighaveragedifferentiation
(complementarity) across either species or individuals (or both). The
GalapagosArchipelago, which effectively comprises an isolated nutrient-
rich, temperate-like region straddling the equator16, is an exception to
this pattern. This global hotspot is the result of uniquely high inter-
specific complementarity, where fish communities are the most func-
tionally diverse, worldwide, for any given level of species diversity (Fig. 2),
despite relatively low evenness in abundance.
Our study also provides an important perspective on the relation-

ship between diversity and ecosystem functioning. This has typically
been explored in terms of how the number of species influences various
ecosystemproperties in experimental systemsat small scales (see ref. 17),
but has not often taken advantage of large-scale field observations18,19.
Specifically, by focusing onmultiple traits and on natural abundances,
rather than simply presence or absence of species, we reveal a picture of
reef fish functional diversity that varies over geographic gradients in a
pattern distinct from global trends in species or functional richness
(Fig. 1). The main reason for this discrepancy is that in locations in
which species have more even abundance distributions, such as within
temperate functional diversity hotspots, a greater proportion of species
reach moderate abundances at which their unique trait combinations
can significantly influence ecological processes. In contrast, function-
ally unique tropical species tend to be rare, with a relatively weak aver-
age influence on ecosystemprocesses.However, this does notmean that
rare species may not sometimes still have important ecological roles20,
and species with unique traits are clearly important from a conserva-
tion perspective21.
To develop more effective biodiversity management to maximize

the reliability of ecosystemprocesses in a changing environment requires
cost-effective, broad-scale assessment andmonitoring ofmanydimen-
sions of biodiversity, including consideration of functional traits22. For
example,metrics of ecological function canprovide an important addi-
tional input for marine protected area (MPA) planning and manage-
ment. Relatively fewMPAs are located at temperate latitudes, including
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Figure 1 | Global fish diversity patterns predicted from quantitative diver
censuses at 1,844 sites. a, Species density (a relative measure of species
richness) matches the previously established gradient (decreasing with higher
latitudes). b, Functional group richness mirrors species density. c, Evenness
(the spread of the number of individuals of each species, across species)

increases with latitude. d, Abundance-weighted functional diversity is highest
in the tropical easternPacificOcean anddispersedhotspots at a rangeof latitudes.
Colour classifications differ between maps owing to different ranges and
distributions of diversity values. Minimum and maximum observed values are
provided in the key for each plot as effective numbers per 500m2 (seeMethods).
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in the southernhemisphere23, a bias that has beenaccentuated in recent
years with global focus on declaration of large tropical MPAs24. Our
results identify further unrecognized biodiversity value in some tem-
perate and southern hemisphere marine regions, strengthening the
argument for greater representation of these areas in global MPA pro-
tection. Nevertheless, as is also the case with species diversity, func-
tional trait data need to be coupledwith species identity information to
ensure, for example, that MPAs within networks are complementary
and encompass asmuch regional biodiversity as possible at both species
and functional levels, rather than replicating ecologically similar patches
of high diversity only25. Important next steps for building information
on functional traits into further conservation applications will include
quantification of relationships betweenmetrics of ecological functional
and major human impacts (including fishing)26 and development of
associated ecological indicators. Widespread use of such indicators
offers enormouspotential for prioritizing and informingadaptivemanage-
ment and in depicting global conservation targets, alongside indicators
tracking decline of rare and endemic taxa27.

METHODS SUMMARY
Field data. Standardized visual censuses along 50-m transects were undertaken at
1,844 sites in 74 of the world’s marine ecological regions28 (Extended Data Fig. 2)
through the Reef Life Survey program (RLS; http://www.reeflifesurvey.com). RLS
utilizes skilled volunteer SCUBA divers trained to scientific data collection stan-
dards, who undertake surveys with researchers using a consistent methodology
that has been evaluated and proven effective for broad-scale studies29. Multiple
transects were surveyed at each site (mean 2.4), and species names and abundances
of all fishes observed within 5m either side of transect lines were recorded. Details
of quality-control measures are described in the Supplementary Information. Sites
were classified as temperate or tropical based on Marine Ecoregions of theWorld
categorization28.

Diversity indices. Species density was themean number of fish species per 500m2

at each site. Species and functional diversity were calculated using Rao’sQ6, incor-
porating relative abundance of each species and converted to effective numbers
following a method from a previous study30. Functional diversity and functional

group richness were based on eight functional traits scored for each of the 2,473
fish species in the data set (many fromFishBase, http://www.fishbase.org; Extended
Data Table 1) and calculated using the functional diversity package in R. Evenness
was calculated by dividing species diversity by species density (richness).
Globalmapping.Relationships between site diversity index values and13physical
and environmental variables were modelled using random forest methods, where
each forest was created by generating 2,000 regression trees from a bootstrap
sample of the data. The same technique was used to predict values of each index
across 5 arc-minute grid cells globally for mapping. A parallel reduced model was
run using only data from sites spaced greater than the distance at which spatial
autocorrelation occurred, which confirmed global predictions were not influenced
by inherent correlation of diversity values between sites in close proximity.

OnlineContentAny additionalMethods, ExtendedData display itemsandSource
Data are available in the online version of the paper; references unique to these
sections appear only in the online paper.

Received 13 May; accepted 6 August 2013.

1. Gaston, K. J. Global patterns in biodiversity. Nature 405, 220–227 (2000).
2. Hillebrand, H. On the generality of the latitudinal diversity gradient. Am. Nat. 163,

192–211 (2004).
3. Rodrigues, A. S. L. et al. Effectiveness of the global protected area network in

representing species diversity. Nature 428, 640–643 (2004).
4. Wiens, J. J. & Donoghue, M. J. Historical biogeography, ecology and species

richness. Trends Ecol. Evol. 19, 639–644 (2004).
5. Wittebolle, L.et al. Initial community evenness favours functionality under selective

stress. Nature 458, 623–626 (2009).
6. Botta-Dukát, Z. Rao’s quadratic entropy as ameasure of functional diversity based

on multiple traits. J. Veg. Sci. 16, 533–540 (2005).
7. Safi, K. et al. Understanding global patterns of mammalian functional and

phylogenetic diversity. Phil. Trans. R. Soc. B 366, 2536–2544 (2011).
8. Stevens, R. D., Cox, S. B., Strauss, R. E. &Willig,M. R. Patterns of functional diversity

across an extensive environmental gradient: vertebrate consumers, hidden
treatments and latitudinal trends. Ecol. Lett. 6, 1099–1108 (2003).

9. Luck, G. W. et al. Quantifying the contribution of organisms to the provision of
ecosystem services. Bioscience 59, 223–235 (2009).

10. Cadotte, M. W. The new diversity: management gains through insights into the
functional diversity of communities. J. Appl. Ecol. 48, 1067–1069 (2011).

11. Devictor, V. et al. Spatial mismatch and congruence between taxonomic,
phylogenetic and functional diversity: the need for integrative conservation
strategies in a changing world. Ecol. Lett. 13, 1030–1040 (2010).

12. Allen, G. R. Conservation hotspots of biodiversity and endemism for Indo-Pacific
coral reef fishes. Aquatic Conserv. 18, 541–556 (2008).

13. Roberts, C. M. et al.Marine biodiversity hotspots and conservation priorities for
tropical reefs. Science 295, 1280–1284 (2002).

14. Tittensor, D. P. et al. Global patterns and predictors of marine biodiversity across
taxa. Nature 466, 1098–1101 (2010).

15. Grime, J. P.Benefits of plant diversity to ecosystems: immediate, filter and founder
effects. J. Ecol. 86, 902–910 (1998).

16. Edgar, G. J., Banks, S., Fariña, J. M., Calvopiña, M. & Martı́nez, C. Regional
biogeography of shallow reef fish and macro-invertebrate communities in the
Galapagos archipelago. J. Biogeogr. 31, 1107–1124 (2004).

17. Duffy, J. E. Why biodiversity is important to the functioning of real-world
ecosystems. Front. Ecol. Environ 7, 437–444 (2009).

18. Gamfeldt, L. et al.Higher levels ofmultiple ecosystem services are found in forests
with more tree species. Nature Commun. 4, 1340 (2013).

19. Mora, C. et al. Global human footprint on the linkage between biodiversity and
ecosystem functioning in reef fishes. PLoS Biol. 9, e1000606 (2011).

20. Fonseca, C. R. & Ganade, G. Species functional redundancy, random extinctions
and the stability of ecosystems. J. Ecol. 89, 118–125 (2001).

21. Mouillot, D. et al. Rare species support vulnerable functions in high-diversity
ecosystems. PLoS Biol. 11, e1001569 (2013).

22. Duffy, J. et al. Envisioning a marine biodiversity observation network. Bioscience
63, 350–361 (2013).

23. Wood, L. J., Fish, L., Laughren, J. & Pauly, D. Assessing progress towards global
marine protection targets: shortfalls in information and action. Oryx 42, 340–351
(2008).

24. Pala, C. Giant marine reserves pose vast challenges. Science 339, 640–641
(2013).

25. Margules, C. R. & Pressey, R. L. Systematic conservation planning. Nature 405,
243–253 (2000).
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Figure 2 | The species diversity–functional diversity relationship for reef
fishes differs between temperate and tropical sites. Although overlap
between some temperate and tropical sites was observed, on average temperate
sites have higher functional diversity relative to species diversity compared to
the tropics (P, 0.001, n5 1,817 sites; seeMethods), indicated by divergence of
regression slopes predicted by a linear mixed effects model accounting for the
random effects of ecological region nested in realm and heteroscedascity
(Extended Data Table 2). Both functional diversity and species diversity were
calculated using Rao’sQ, incorporating abundance information and expressed
as effective numbers (reducing species diversity to the inverse Simpson index),
with functional diversity also incorporating data on functional traits. Grey
shading represents 95% confidence intervals. The Galapagos Islands are
distinct from the global pattern.
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METHODS
Fish surveymethods. Fish abundance datawere collected using standardReef Life
Survey (RLS)methods on 4,357 transects at 1,844 sites, in 74 of the world’s marine
ecological regions (or ‘ecoregions’, as defined in a previous paper28), with amean of
2.4 transects per site, at a mean depth of 7.4m (Extended Data Fig. 2). RLS uses
skilled volunteer SCUBAdivers trained to scientific data collection standards, who
undertake surveys with researchers using a consistent methodology that has been
evaluated and proven effective for broad-scale studies19,29,31. This methodology is
based on fixed-length belt transects in shallow reef habitats, each covering an area
of the seafloor 503 10m, up to a height of 5m (full details are provided in anonline
methods manual; http://reeflifesurvey.com/files/2008/09/NEW-Methods-Manual_
15042013.pdf). All fishes sighted in the transect area (by divers swimming either
side of the transect) were recorded on an underwater slate, with abundance esti-
mates made by counting individuals of less abundant species and estimating the
number of more abundant species. Themajority of fishes were recorded to species
level, but unidentified fishes were classified at the highest taxonomic resolution
possible rather thanomitting them.Theuse ofdigital photography typically allowed
later identification of many unidentified species, with the assistance of taxonomic
experts, as required. Appropriate transformations and diversity indices were used to
reducedominating influencesof abundance estimates for themost abundant species.
A summary of the total number of transects, species and mean densities of

species and individuals in each of the 11 marine realms28 is provided in Extended
Data Fig. 2b. This shows clear divisions between tropical and temperate realms in
terms of densities of species and individuals, with no temperate realm averaging
greater than 18 species and 870 individuals per 500m2, whereas all tropical realms
averaged greater than 25 species and 1,430 individuals per 500 m2.
The extent and quantity of data used for this study and in the RLS database has

only been possible through volunteer efforts. Rigorousmeasures have been applied
to ensure consistency and quality of data, with all divers involved having either
substantial prior experience or detailed one-on-one training provided, and exten-
sive data checking applied post dive and before addition to the database. More
details on data management and quality control procedures are provided in the
Supplementary Information. Only themost skilled subset of diverswas involved in
the more difficult surveys of diverse coral reefs, where .100 fish species were
occasionally recorded on transects.
Functional traits. We compiled values of eight functional traits for each of the
2,473 fish species in the data set (Extended Data Table 1). These were chosen to
encompass diverse attributes of fish ecology that are known to influence their func-
tional role in an assemblage, incorporating life history, trophic position, behaviour,
and habitat associations.We excluded records of fishes which were not identified to
at least Class level (,0.001%of records), and allocated an average value fromother
members of the same genus (or in some cases, family) for records in which the
species was not known, but the genus (or family) was known (0.004% of records).
Many trait values were obtained from FishBase (http://www.fishbase.org/), and
others were allocated based on the authors’ combined knowledge of the species.
The allocation of such a comprehensive and informative suite of traits was only

possible because fishes are generally so well-known. Despite this, compiling a trait
database for reef fishes globally represented an enormous task, and although we
attempted tominimize potential errors asmuch as possible, we acknowledge that a
certain level of error is unavoidable. We make the assumption that there is no
systematic bias related to the allocation of traits to species from different regions.
Further details relating to potential biases in trait allocation are provided in the
Supplementary Information.
Diversity indices. Species densitywas calculated as the number of species observed
per 500-m2 transect area, whereas species and functional diversity were calculated
using Rao’s Q6, functional group richness (FGR) using a functional dendrogram,
functional richness as the convex hull volume, and evenness by dividing species
diversity by species density (species richness)32. Rao’sQ, FGR and functional rich-
ness were calculated using the functional diversity package in R33,34 (http://cran.
r-project.org/web/packages/FD/FD.pdf), incorporating the functional trait data. We
excluded transects where fewer than three species were observed before calculating
Rao’s Q (for functional diversity) and FGR, and transects with fewer than five
species for functional richness. A similarity cut-off of 0.18 was used for FGR, based
on themaximum length of basal branches in the functional dendrogram using the
method ‘mcquitty’. Rao’sQ (for functional diversity) and functional richness were
estimated using the sqrt-corrected species-by-species Gower distance matrix.
Functional diversity was subsequently scaled by its maximum value across all fre-
quency distributions to allow for comparisons across sites. Values of Rao’s Q (for
species and functional diversity) were converted into effective numbers using a
linear transformation provided previously30, such that the ‘doubling property’ was
satisfied (alsomaking Rao’sQ for species diversity the same as the inverse Simpson
index). Functional richness was calculated as a convex hull volume generated from
‘newtraits’ returned followingprincipal coordinates analysis (PCoA)on the corrected

species-by-species distance matrix (R2, indicating the quality of the reduced space
representation of the traits, was 0.60 with 4 PCoA axes). Gregariousness (1 to 3)
was ordered as a factor, and all other traits were coded as unordered factors.

To explore the contributions of individual traits to global patterns in functional
diversity, we removed each trait from the full traitmatrix and re-calculatedRao’sQ
(as above) to produce eight functional diversity estimates.We then compared each
of the eight functional diversity estimates to functional diversity calculated using
the full trait matrix using linear regression. When traits with weaker influence on
functional diversity were dropped from the calculation of functional diversity, the
change in functional diversity was small and R

2 was close to 1. Those traits that
contributed more to functional diversity, when dropped from the trait matrix,
resulted in a weaker relationship (lower R2). This approach therefore allowed the
ranking of traits based on the relative change in R

2 when each was dropped from
the trait matrix, where lower R2 values indicated a higher contribution to the
overall functional diversity. This process identified water column position, sub-
strate preference and trophic group as contributing most to global patterns in
functional diversity (Extended Data Table 3).

The relationship between functional and species diversity presented in Fig. 2
was tested using a linear mixed effects (LME) model, which included the random
spatial effects of the ecological region nested in Realm28, and error structures
applied to normalize variance in the residuals. We also introduced a spherical
autocorrelation structure to our model, however inclusion of this term did not
improve the model fit (on the basis of AIC) and this term was therefore removed.
Further detail on the model structure and summary information is provided in
ExtendedData Table 2. The data usedwere from1,817 sites (1,844minus 27which
had fewer than three species recorded – see above) with both species and func-
tional diversity calculated using Rao’s Q and expressed as effective numbers (as
above). Sites were classified as temperate or tropical based on their location in the
Marine Ecoregions of the World categorizations28.

For all methods for quantifying fish communities, visual census methods are
characterized by large amounts of variation and a number of biases (for example,
see ref. 35). We make the assumption that none of these biases are directional in
such a way that will influence the values of diversity metrics over the global scale;
for example, that species-specific behavioural traits which affect estimates of their
densitywill be consistent throughout their range (for example, at different latitudes).

Predicting and mapping global diversity measures. Relationships between site
diversity metric values and 13 environmental and geographic variables (Extended
Data Table 4) were modelled using random forest methods36, in which each forest
was created by generating 2,000 regression trees from a bootstrap sample of the
data. The same technique was then used to predict values of each index across 5
arc-minute grid cells globally. Environmental variables were obtained from the
Bio-ORACLE environmental data set37. A human population index was included
as a predictor variable, calculated by fitting a smoothly tapered surface to each
settlement point on a year 2000 world-population density grid using a quadratic
kernel function described previously38. Populations were screened for a density
greater than 1,000 people per 0.04 degree cell, and the search radiuswas set at 3.959
degrees.

To estimate prediction error, observations not selected in the bootstrap sample
for a tree (the ‘out-of-bag’ sample) were compared to their predictions, in a similar
way to cross-validation. The accuracy importance (ExtendedData Fig. 3), ormean
decrease in accuracy when the predictor variable is randomly permuted, was
measured to assess the importance of each predictor variable. Accuracy was evalu-
ated by comparing the predictions with the actual measures of the response
variable, for those sites that were out-of-bag for a given tree. Conditional import-
anceof the predictors39wasused, as the standardmarginal procedure in the random
forestmethodology can suffer frombias towards correlatedpredictors40. Biodiversity
indices were transformed according to the Box–Cox selection technique (Extended
Data Table 5), but all predictions presented have been back-transformed. Random
forest modelling was undertaken using the ‘extendedForest’ packages for R (https://
r-forge.r-project.org/projects/gradientforest). The fit of each random forestmodel
was measured using the Pearson correlation coefficient between the actual mea-
sures and the out-of-bag predictions, before back transformation.

From the generated random forest, predictions were made at new sites by
predicting the response variables using each tree individually and then taking
the average. Standard deviations of the predictions were used as a measure of
prediction error. Predictions of the response variables were made at new sites
across the globe and plotted on maps with a coastal buffer.

An assessment of the spatial autocorrelation (SAC) of the global diversity indices
was conducted usingMoran’s I statistic41, which compared the diversity values at a
site with the weighted mean of neighbouring site values. Mean distance of nearest
neighbour over all sites was 5.25 km, which was used as the lag distance. All
diversity indices were positively spatially autocorrelated in the raw data (Moran’s
I from 0.23 to 0.61; Extended Data Table 6); an expected result given well-known
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patterns in richness are strongly related to latitude and temperature14, which are

also highly spatially autocorrelated. The presence of SAC can typically result in
underestimation of model fitting and incorrect hypothesis testing, but model out-

puts such as mean parameter estimates and predictions are less often affected42.
There is nohypothesis testing associatedwith ourRFmodels, andpredictions from

RF models have previously been identified to be robust to cluster-correlated data,
such as in our data set42.
Despite this, we tested for SAC in the residuals of the random forestmodels to be

confident that SAC has not created false patterns in our diversity maps presented

in Fig. 1. Although the diversity measures based on the raw data had positive SAC

(notedabove), the residuals of the randomforestmodels hadnegative SAC(Extended

Data Table 6). Thus, residuals at sites which are closer in distance aremore dissimilar

than residuals atmore distant sites than expected. Visual assessment of variograms

showed that the significant negative SAC was at scales less than 5 km for all

diversity measures, possibly because the predictor values, and hence the predic-

tions, do not vary greatly within 5 km (owing to the grid size for environmental

predictor variables in the Bio-ORACLE data set). Based on this, we generated a

second set of random forestmodels using a subset of sites, chosenwith aminimum

distance apart of five km (the distance at which SAC became non-significant).

Comparison of the original predictions with those made from the subset of sites

showed tight concordance (Extended Data Fig. 4), providing strong evidence that

diversity patterns presented in our global maps are not unduly influenced by SAC.
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Extended Data Figure 1 | Global relationships between different functional
diversity measures. a, b, Abundance-weighted functional diversity (Rao’s Q
expressed as effective numbers; see Methods) for reef fishes provides different
information to functional richness expressed as the number of functional

groups (functional group richness; FGR) (a) and the volume of
multidimensional trait space filled by the community (convex hull volume)
(b). Kendall’s Tau correlation coefficients, r5 0.21 and 0.11, respectively.
Points represent individual reef sites surveyed.
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Extended Data Figure 2 | Details of global fish surveys. a, b, The fish fauna
was quantitatively surveyed at 1,844 rocky and coral reef sites in 11 Marine
Ecoregions of the World realms by visual census (a). Note that many sites are

overlapping or hidden behind symbols for other sites. Tropical realms
possessed much higher average fish abundance and species densities (b).
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ExtendedData Figure 3 | The accuracy importance of the thirteen predictor
variables for each of the random forest models. Models were for species
density (a), species evenness (b), functional group richness (c) and functional

diversity (d). Explanations and units for variables are provided in Extended
Data Table 4.
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Extended Data Figure 4 | Scatter plots comparing global predictions from
random forest models used for mapping in Fig. 1 with those based on a
training set including only sites.5 kmapart.Models were for species density

(a), functional group richness (b), species evenness (c) and functional diversity
(d). Predictions were compared for all global ocean grid cells where the depth
was less than 20m.
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Extended Data Table 1 | Functional traits of reef fishes used in
estimation of functional diversity.
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Extended Data Table 2 | Linear mixed effects model summary table
for functional diversity versus species diversity shown in Fig. 2.

The percentage variance explained by each random effect (‘ecoregion’ nested in ‘realm’) is reported.

Error structure (within-realm standard deviation) was included to normalize variance in the residuals.

The model was fitted using maximum likelihood with the nlme package in R.
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Extended Data Table 3 | Contributions of individual traits to global
patterns in functional diversity.

Traits are listed in order of themagnitude of change in functional diversity arising from their removal, as

assessed by R2, from the relationship with functional diversity calculated using all traits. Ranks are

consistent for other correlation measures.
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Extended Data Table 4 | Environmental and geographic variables
used in random forest models.
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Extended Data Table 5 | Transformations and correlations of
observed to predicted diversity values from random forest models.

Correlations are between recorded values at reef sites and those predicted for the maps in Fig. 1 (full

model), and only for sites .5km apart (reduced).
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Extended Data Table 6 | Spatial autocorrelation measured by
Moran’s I for diversity metrics calculated from the raw data at reef
sites and residuals from the four random forest models used to pre-
dict diversity values for global maps
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