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The deep ocean is the largest and least explored ecosys %rth, and a uniquely
energy-poor environment. The distribution, drlver ins of deep-sea biodiversity
remain unknown at global scales'?3, Here w database of >165,000
distribution records of Ophiuroidea (brlt a dominant component of seafloor
fauna, and find patterns of blodlversuy% rrestrial or marine realms. Both
patterns and environmental predict ep-sea (2000-6500 m) species richness
fundamentally differs from thgse fdund in coastal (0-20 m), continental shelf (20-200 m),
and upper slope waters (200- ). Continental shelf to upper slope richness
consistently peaks in tpopi do-West Pacific and Caribbean (0-30°) latitudes, and is
well explained by t n water temperature. In contrast, deep-sea species shows
maximum ric & er latitudes (30-50°), concentrated in areas of high carbon
export flu e to continental margins. We reconcile this structuring of oceanic
bi

watef'ric

g a species-energy framework, with kinetic energy predicting shallow-

ess, while chemical (export productivity) energy and proximity to slope
habitatS driving deep-sea diversity. Our findings provide a global baseline for
conservation efforts across the seafloor, and demonstrate that deep-sea ecosystems show
a biodiversity pattern consistent with ecological theory, despite being different from

other planetary-scale habitats.
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Deep-sea environments comprise approximately 66% of global seafloor area, and hence more
than half of the planet’s surface*. The sinking of biological material to the seafloor is a
critical part of the global carbon cycle and climate. Yet global patterns of seafloor diversity
remain unknown, having so far been described only on local and regional scales*°. Here we
assemble a unprecedented dataset on the global distribution of 2,099 Ophiuroidea (brittle and
basket stars) species from shallow to abyssal depths, comprising 165,044 species distribution

records from 1,614 research expeditions. Ophiuroidea are an ideal model taxon to analyse

global patterns of species diversity as they are a dominant component of the fauna o@
eep-sea

deep-sea habitats®. These data provide a unique opportunity to uncover and omp %
biodiversity patterns across three fundamentally different depth strata of tr%%@ he

continental shelf (20-200m), upper continental slope (200-2000m ﬁp} (2000-
6500m)’8. Furthermore, we propose that the deep-sea can be % ird replicate
biome (after terrestrial and shallow-water diversity) to untan \& of fundamental
processes that shape global diversity. We our analysed th@etric strata separately,
spatially estimated and mapped total species richnes 3%5 a'global grid using multi-species
hierarchical occupancy-detection models (MSO

ormally tested a number of

prominent hypotheses on the factors shaping@deep-sea diversity patterns using spatial linear
Q:énework.

models (see Table S1) and a species-e%

Global patterns of species richgess fgsh and upper slope species are congruent with those
of coastal marine species®. Bo munities show diversity peaks in the tropical Indo-West
Pacific and the Western Atlaatic,OCeans (Fig. 1a-b). However, in contrast to previous work,
we find relatively hi -%. al species richness around southern Australia and New Zealand
and Africm rthern Indian Ocean (Fig. 1a & b; Extended Data Fig. 2a & b). Deep-
sea Speci s shows a markedly different pattern, with peaks occurring predominantly

at% igh latitudes (Fig. 1c; Extended Data Fig. 2c), particularly across the boreal
AtlantrefOcean, around Japan, New Zealand, western North and South America and Western

(Fig. 1b)°. Spec'ﬁ’% s generally suppressed on the western side of tropical America

Africa.

When global ophiuroid richness is examined by latitude and depth (Fig. 2), it peaks in the
tropics at continental shelf (20-200 m) and upper-slope depths (200-1200 m). A strong
latitudinal biodiversity gradient exists at these depths with reduced richness at mid-to-high
latitudes (>45°S and >55°N). These results are congruent with prior studies of shallow-water®

and terrestrial*® global diversity gradients that suggest a uni-modal diversity peak at low
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latitudes. However, at lower-slope to intermediate abyssal depths (2000-6500m), bimodal
maxima occur at temperate latitudes (30-40°S and 40-50°N), with distinct minima near the
poles and at northern subtropical latitudes (15-30°N). Thus the typical latitudinal gradient of
species richness observed near the planetary surface does not hold in the deep sea.

We encode a priori hypotheses on processes expected to structure biodiversity!! by
encapsulating them as potential drivers in a spatially-explicit statistical model (see list of
hypotheses in Extended Data Table 1). Geographical variation in energy availability (the
species-energy hypothesis) is a factor thought to shape terrestrial and marine glo %
biodiversity'!'2, through radiation (light), thermal (kinetic) or chemical (pofgmti rgy.
Unlike other realms, the first of these can be excluded from the aphcitic \*

environment. Thermal energy may affect diversity through severa\ isms, including

physiological tolerances, speciation/extinction rates, and availa%%
Chemical energy in the form of reduced organic compoun esised to promote

tabolic niches!3,

species diversity®®; in the deep-sea this would be reflected d resource availability
manifested as particulate organic carbon (POC)gflu -energetic factors tested included
oxygen stress, reflected on the upper slope X nimization zones (OMZs)*: the
environmental stress hypothesis proposes ies richness has a negative relationship
with environmental stress'®. Finally, | onnectivity between shallower shelf and

upper slope species to deep-s comwuni s is expected to affect species richness?®, via the

regulation of deep-sea populat hrough extinction and radiation of species from
connected regions®’. Testi ypotheses against patterns of deep-sea diversity helps
disentangle the envir, , ecological and historical forces shaping global diversity.

Our statistical evealed that the species-energy hypothesis is broadly supported at all
depths, albe %

0.02)
depths, c

different forms of energy (Table 1). A significant relationship (p <

ichness and bottom water temperature emerges at shelf and upper slope
elating with kinetic (specifically thermal) energy input from the sun. Strong
thermal gradients are present in shelf and slope (but not deep-sea) regions, promoting greater
species richness*®8, However, there is a significant negative correlation between the
diversity of shelf and slope environments and chemical energy, measured as particulate
organic carbon (POC) flux to the seafloor (Table 1; POC, p <0.05), likely because tropical
shallow water systems tend to be nutrient poor. Conversely, deep-sea richness is not
correlated with temperature but is significantly positively correlated with chemical energy

export (Table 1; POC ; p < 0.01) and regions of high seasonal surface productivity (SVI; p <
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0.01). POC export is likely to be a key source of energy that maintains deep-sea species in
regions of constant and low thermal energy*®-2?%. The diversity of shelf communities within
the model is also suppressed in OMZs (Table 1; Oxygen Stress?: p < 0.05). These zones are
dysoxic, with less than 2 ml O per litre of seawater, and are known to have substantially
reduced faunal diversity and biomass**. Thus environmental stress appears to play a
additional role in influencing global patterns of ophiuroid richness. For deep-sea
environments, connectivity is also a significant predictor, with a decline in species diversity
with distance from continental margins (Table 1; DC; p < 0.05). This finding implie%he
the

. . N . °
continental margins are a long term source of abyssal diversity. This is consstﬁax’O

radiation hypothesis®® that predicts deep-water diversity is maintained by V& n from

bathyal sources'’. N \<
Observed patterns of deep-water diversity may shed some Iigh%%\ivers of large-scale

gradients of diversity in other environments. Mannion, et al? ed that two different
classes of latitudinal diversity gradients occurred over the y of the Phanerozoic (542

mya). A tropical maxima and polar minima exigted @®wing relatively cool ‘Icehouse’
conditions?® where there is a strong sea surface te re divergence between equator and
pole. Conversely, a flat diversity gradient rate peak occurred during warmer

‘Greenhouse’ conditions, when there v«% a temperature gradient, indicating that
of

thermal energy was likely a k drivg ographic variation in richness. Here we observe

no tropical peak in diversity o -sea assemblages, suggesting that it is uniform
temperatures rather than ‘greenhouse’ conditions that reduce low latitude diversity. Our
results imply that en ability determines the latitudinal diversity gradient, but in the

deep sea, unlik% e ocean, this derives from chemical rather than thermal sources.

Currently ittle about the evolutionary processes that at least partially gave rise to

sal species diversity patterns. Multiple hypotheses postulate in situ
divex§ificavion, or immigration from shallower depths!®24, It is unclear how the abyssal and
lower bathyal fauna re-establish after extinction events such as anoxia®. Our modelled
estimates of species richness depict higher diversity on the upper-slope; these results lend
support to the upper-slope being the source of deep-sea diversification. Observed patterns of
species richness are highest near continents (Fig. 1), showing the relationship between deep-
water diversity and connectivity to continental margins (Table. 1). Thus our data and analyses
lend support to the theory that the deep-sea fauna at least partially originates from range

expansion of upper-bathyal species into the deep-sea. However, these suggested peaks of
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diversity are also regions of high export productivity, a strong energetic predictor of richness.
To better delineate the processes shaping evolutionary origins of deep-sea fauna,

comprehensive phylogenies are required.

In conclusion, our findings reveal a unique pattern global of deep-sea benthic biodiversity
that is unlike any other environment. We are able to reconcile the vertical structuring of
marine biodiversity through a species-energy framework, a fundamental theory of the
origination of biodiversity. Our findings also support the radiation hypothesis, suggesting
deep-water richness is maintained by immigration from shallower regions. These, ve
important implications for identifying potential protected areas on the high ithin
and outside national jurisdictions. Tropical areas are typically hlghly di §xﬁllow
waters and on land, and thus often the focus for conservation effoN\ ast, areas of

higher export productivity and connectivity to shallower commb%
considered for conservation and management action in the -

need to be
ur results provide a

much-needed empirical and spatial baseline for global
ocean, which is urgently motivated by the accelerati
mining and other cumulative impacts on this final %o
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Figure 1: Global patterns of ophiuroid species richness. Multispecies occupancy detection
models (MSODM) of summed occupancy probabilities for (a) shelf diversity (20-200m), (b)
slope diversity (200-2000m) and (c) deep-water diversity (2000-6500m).
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Figu Estimated mean ophiuroid species richness plot as a function of depth and

latitude. Species richness predicted from MSODMs at depth intervals from surface to lower
abyss depths for binned equal area latitudinal regions across the global extent of longitude.
Mean species richness estimated from MSODMs for (a) shelf diversity (20-200m), (b) slope
diversity (200-2000m) and (c) deep-water diversity (2000-6500m). The vertical dashed line
represents the equator. The grey contour lines represent the top 20% of species richness for
each bathome.
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Table 1: Spatial linear model (SLM) results for the species richness of three bathomes:
20-200m, 200-2000m and 2000-6500m Maximum species richness for each bathome is
highest individual cell value. Model results are from the best SLM as determined by AIC
value. Model results are z-values; stars represent significance levels at p >0.05 (ns), <0.05
(*), <0.01 (**) or <0.0001 (***). Distance to continental margin is only applicable for deep-
water (LSA; lower-slope & abyss).

Bathome 20 — 200m 200 —2000m 2000 — 6500m (lower slope
(shelf) (upper slope) and abyss)
Species Richness 126 110 31

Annual Mean . Hokok \\
Temperature(AMO) 1149 361 AR (\

Annual Mean 9 71
Temperature(AMO)? '

Annual Mean Oxygen 0 17* v A
(AMO) | o C

Annual Mean Oxygen
(AMO)?

Seasonal variation in NPP V‘
3.54** 1.61**
(SVI) \\

Seasonal variation in NPP 2 48*

(SVI1)? '

Particulate Organic Carbon - 2 R < ok
flux (POC) 443 ¢ 3'964\ 309
Particulate Organic Carbon * . *
flux (POC)? a13 240
Distance to Continental

)
*
Margin (DC) NA (.\\\IA 0.45

Distance to Continental

Margin (DC)? NA ) NA
Oxygen Stress (OM2Z) N P N\
Oxygen Stress (OMZ)? 1.71*

Pseudo-R2 %@5 0.37 0.21
Q
,g?o

Ny
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Methods

1. Data

1.1 Biological data

Global brittle-star occurrence data (84°N to 78°S latitude & 180°W to 180°E longitude) has
been derived from 1614 research expeditions, covering a 130 year timespan, starting with
iconic nineteenth century voyages such as the Challenger expedition®. Brittle-star species
occurrence records were collected from three major bathomes: shelf (SH; 20 - 200m), slope
(SL, 200 — 2,000m) and deep-water (lower slope and abyssal plane; LSA, 2,000 —

These depth strata were selected to reflect existing biogeographical bounds @

ophiuroids?. Ophiuroid occurrences at hadal depths (> 6,500m) were rem data

@ deeps.
ieslevel (including

ive and quantitative

were very sparse and would likely result in fragile inference of pa 3

Ophiuroidea identifications were verified by taxonomic expert
author; T.O’H). Specimens were collected using ad-hoc, semigq

methods, including trawls, dredges, epibenthic sleds, grab&%

ers. The highest density of
ad-hoc samples (e.qg., collections by hand) corr poﬁ% coastal occurrence records (0-

20m) and were subsequently removed from anal inimise potential collection bias®.
The spatial extent and proportion of collecti ethod per 500km cell were plotted to

visualize spatial bias in collection effor ed Data Fig. 1).

1.2 Environmental Data p
Environmental and physica rs were used to test hypotheses that seek to explain

patterns of deep-sea spe ess (see Table S1 for a summary of hypotheses name,

meaning, relevanc % d related predictors). Environmental predictors were tri-linearly
interpolated to o sing global ETOPOL ice-surface GIS bathymetric data set .

gor temperature (C°) (AMT), annual standard deviation of seafloor

Annual mea %

te er§ § (ASDT) and annual mean oxygen (ml/l) (AMO) were derived from the

CARS 2009 dataset >¢. The CARS climatology physical oceanography data (1950-2009)
were interpolated across the globe for 79 depth layers at a resolution of 0.5°
latitude/longitude. We also calculated the proportion of AMO grid cells that had <2 millilitres
per litre Oy, a critical physiological limit for numerous marine species’ and typically the
threshold for Oxygen Minimization Zones (OMZs)®8. Mean annual net primary productivity (g
C m? year?, NPP) and seasonal variation of net primary productivity (g C m2 year?; SVI)
were generated from Vertically Generalized Production Model (VGPM)®. NPP and SVI are a
function of satellite-derived chlorophyll (SeaWiFS). NPP and SVI were calculated across the
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years 2003 to 2010 (see http://www.science.oregonstate.edu/ocean.productivity/). Particulate

organic carbon flux to the seafloor (POC flux; g C m year ) was estimated using NPP and
SVI data and a productivity export model*. Distance from continental margins (DC) for
deep-sea habitats was estimated based on the IFREMER Continental margins shape file 1.
Custom code was written in R, using functions from packages “raster”, “rgdal” and
“gdistance”, to create a spatial layer that calculates distance of seafloor habitat to nearest

point on the 2000 m contour around continental margins and islands.

For the statistical analyses, environmental predictors were averaged to cell-size a@
three bathomes (20 - 200m, 200 - 2000m & 2000 - 6500m). Strongly correl% es (>

0.7) were removed from analyses to avoid issues with co-linearity oI m%“ ients.
AN T

AMO was removed from the shelf analysis, due to its correlation Wi e removed

NPP from analyses due to its correlation with POC flux. We selée %' QC flux over NPP as
we were interested in the amount of carbon flux at the seaf 5@ than the surface. All

independent variables used in statistical analyses were gen

t
variance =1). All analyses were performed at sr@ of 500km equal area grid cells.
2. Statistical Analysis \

We were interested in describing patte cies richness and the processes that shape

d normalised (mean= 0,

observed patterns in the deep-sea ber}ho any authors have approached these analyses
using either bottom-up 113 or g@psdown methods 4. The respective merits of both

approaches are still debateo% ological literature . We see merits in both approaches,

using them for differ t%ses.

For a top-down % linked estimates of species richness derived from the estimated

asymptote accumulation curves to environmental and physical data using spatial
(SLMs). This assumes that the environment is likely to impose top-down
ecies richness, independently of species identities. Critically, unlike the species
distribution modelling (see below), we estimated the number of species in a region (cell)
independently of environment predictors, thus enabling us to assess potential determinants of
richness in our modelling framework without circular reasoning. We therefore use this

approach to test hypotheses of processes that shape global deep-sea species richness.

Our second approach used the summation of species distribution models to assess species

richness. Here we used an extension of classic species distribution models that incorporates
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detection probabilities when assessing the distribution of modelled species. Details of our two

approaches are discussed in the following section.
2.1. Spatial Linear Models (SLMs)
2.1.1 Estimation of richness via species accumulation curves

The “coverage-based rarefaction” method® was used to estimate species richness on a cell-

by-cell basis. This method estimates species richness based on a measure of sample

completeness®. The aim is to estimate the ‘sample deficit’, which represents the f %f
e

the community that remains undiscovered 1’. This is a novel alternative to s

accumulation curves based on the extrapolation of individuals or samples e which

attempts to scale the richness of each cell to an equivalent level 01‘3\;

cells. For our maps of diversity, we used a 75% coverage basem
species per-cell as a conservative balance between extrapolati%
coverage. For each cell we ran the estimator with 1,000 b@p , and took the mean as our
point estimate of species richness for each cell. Jo che performance of cell-by-cell

e

f the number of
mpleteness of sample

estimation of the number of species, we plotted ted species accumulation curves and

their respective bootstrap bounds for each d visually assessed the curvilinear nature of
each extrapolation. Species accumulati that 1) did not show asymptotic behaviour
or 2) had extreme confidence bounds &n bootstrapping, were removed from further

analysis. Species richness inte ti&s and extrapolations were calculated using the R

d from the package “iNEXT”?%,

919

package “Vegan™ and co

2.1.2 Modelling of @ richness as a function of environmental predictors

Estimated,spec s&ne as used as a response variable in models that tested hypotheses

about its to environmental predictors. We used Spatial Linear Models (SLMs)
that’expli ccount for spatial autocorrelation (Extended Data Table 3), specifically
Sim us Autoregressive Models (SARs) 2*. Neighbourhood size was selected using an

error-SAR process, based on the minimum AIC for spatial null models (model containing the
intercept and the spatial autocorrelation term). Neighbourhood sizes between 1,000 km and
10,000 km were tested at 100km intervals. Neighbourhood size was determined
independently for each depth strata, as it was expected that different bathomes would display
differing extents of spatial autocorrelation due to different ecological and evolutionary
process driving the spatial patterns of species richness. We used an all-model selection
method to find the AIC-best model. We analysed the models and the relative importance of

12
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predictors through z-tests (SLMs). We used pseudo-R? to assess model fit. We fitted linear,
and second-order polynomial functions for each predictor variable given that a number of
studies have emphasised the importance of uni-modal relationships with temperature 2>2® and
POC flux 2* (Extended Data Fig. 4). Models were fitted using the ‘errorslm’ function in
‘spdep’?® package in R.

2.2. Multispecies Occupancy-Detection Models

The second approach for analysis involved Multispecies Occupancy-Detection Modg

(MSODMs), a relatively novel but promising community-modelling framewdrk Q BWS

framework is grounded in the view that species richness and other aitri

flexible consideration of species distributions and their detectability. This N
%ommunity

account for imperfect detection during sample collection®. Thi

structure are best described using models of individual species|c }Q at explicitly
S%ework thus explicitly

deals with potential biases in sampling effort, as those ex ur deep-sea species data.

Multispecies Occupancy-Detection Models (M rovide a hierarchical and explicit
description of the state (Species occurrences) ar& tion (species detection) processes.
At the heart of the approach is the estimati %{h‘e incompletely observed site-by-species

occurrence matrix, from which differe %ries of community structure can be derived.

The presence or absence of spgcies i at a'Site’j is described as the outcome of a Bernoulli trial

4

Q{ ij~Bernoulli (l/)ij),
'%a species i is present at site j, and the latent variable Zj;

jes is present or not at the site (Zjj takes value 0 or 1).

where l/)i]. is the prob

represents whet ?&{

The obser el describes the observed data as the outcome of a series of independent

Bepnoulli"tgials with probability P at sites where the species is present (Zij= 1) and 0
e;&w? hat is,

Yl-jk|Zl-j~Bern0ulli (Zijpijk)'

where Yij are the observed data (detection/non-detection of species i at site j during survey k),
and pijx are the corresponding species detection probabilities (the probability of detecting
species i at site j during survey visit k). The model assumes that the occupancy status of cells
(Zij)do not change during the survey period, which is a reasonable assumption at the
geographical scale of our analysis and time frame of the data collection. Occupancy and
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detection probabilities can then be modelled as a function of relevant environmental

predictors following the generalized linear modelling framework, e.g.
logit(l/)i j) = Poi + P1i * covariatey j+... +fp; * covariate,;

where n is here the number of predictors in the occupancy component of the model (including
quadratic terms, interactions, etc). In our model, occupancy probability was described as a
function of the 12 to 14 covariates (depending on the depth strata) using linear and quadratic
terms (Extended Data Fig. 5 and 6). We ran a single model with all covariates and c%red
covariate contribution, rather than using model selection. Detection probabili seribed

as a function of the collection method (e.g. dredge or grab) used in each c i Event (i.e.
survey visit k at site j) . \Q)
logit(piji) = oi + ay; * g@

In the MSODM framework, individual species models are‘% rough random effects in a

hierarchical fashion, this way exploiting simila 'tie%{qko ental responses to borrow
C

information across species. This is achieved by g the parameters from species-

specific models as realizations from a com istribution, whose parameters (or

‘hyperparameters’) are estimated. For is, parameters were described using

independent normal distributions as f'oll
5 aéx) and a,;~ N (,uax, aix).

Once a MSODM s fj %s richness and other metrics of community structure can be
derived based on t&n ter estimates obtained. In particular, species richness is simply

e estimated occupancy probabilities across species. The estimated

obtained
speciei& site j (N;) is thus calculated as

1
i=1

l

that is, the species richness estimate at site j is equal to the expected number of species at the

site.

The MSODM framework allows inference about the number of species that were completely
missed during sampling?®2’. In our analysis however, estimation was restricted to species

with a minimum of ten occurrences because of computational limitations on estimating rare
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and undetected species in large species by sites matrices. We fitted separate MSODMs to the

three bathomes, shelf (320 species), upper slope (440) and deep-sea (58) (Fig. 1la-c).

Our MSODM model makes two key assumptions: Cell sites are visited multiple times over a
period of population closure during which the occupancy status (Zi) of a site does not
change. This assumption is likely to be violated at small spatial scales, however as we are
estimating occupancy at large scales, it is possible to assume that occupancy in the 500km
cells should not change over the time scale of these data collections. The second assugption
is that species identification is constant across the dataset with no false-positiye ﬁ
identifications in the data. The data used in this analysis was verified by a t @xpert
(TO’H) from museum based records or the taxonomic literature to ensuigx\t

N
identification across the whole dataset. The spatial MSODMs for s I\

assemblages are presented in Fig. 1a-c. We can also assess theb\%\/‘ in spatial
predictions of occupancy probabilities across all species in P@ s, we do this by
presenting the mean variance in MSODM predictions fgr s lope and deep-water
diversity. The variance predicted occupancy prgba calculated spatially for each
species and the mean variance across all spegi m(Extended Data Fig. 3a-b).
Models were fitted using JAGS 3%, a pro Bayesian inference using Markov chain

Monte Carlo (MCMC). JAGS was con@ via an R script using package “R2jags” .

Three chains were run with diffe

and deep-water

entdhitial values, a burn-in of 2,000 iterations and a

%. thinning by 50. Model convergence was assessed using

minimum of 20,000 iterations
the R (“R-hat”) statistic §

estimates, which r

present parameter posteriors distributions for covariate
distribution of all species response to each covariate. We also
present the 10- centtle of species partial response to covariates as a function of
occupanc ch bathome (Extended Data Fig. 5), we also report the mean posterior

disgributi parameter estimates for all species (Extended Data Fig. 6).

We a mpared deviances of null (intercept only) and full covariate models for each
bathome. Table of deviances, DIC and pD (an estimate of deviance relative to variance) are
presented in Extended Data Table S5. Bespoke C++ code, written using C++ and Armadillo
C++ linear libraries®, which was integrated into the R environment using Rcpp 3¢ and
RcppArmadillo 37, was used to predict the occupancy of species individually from fine scale

environmental data. The code uses a 500km moving window to estimate fine scale
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probabilities based on the original 500km resolution of the original MSODMs. This

essentially smooths predictions to be representative of the original cell size estimates.

Fig. 2 was derived from MSODMs, by predicting the probability of occupancy for each
species at a series of depth bounds. For the shelf we predicted the probability of our 320
species at 50m depth intervals (0-50, 50-100,100-150 and 150-200m). For slope species we
broke up the environment into 200m depth intervals (200-2000m). While for abyss and lower
slope we broke up the depth bands into 500m intervals (2000-6500m). The estimated,species

richness at site j (N ;) is thus calculated for each cell 500km cell at each depth, lay, n

took the mean of N;for each latitudinal band across the global prediction. . \\

All analyses were undertaken in the R statistical language version3%038! %about the

i \‘code as Extended

packages and functions used are given under each section (we

Data material). Spatial predictions where plotted using ArcM
(Rgdal*, Raster*!, Maptools*?and dismo*3). Q
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Extended Data
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561 Extended Data Figure 2: Model estimated global deep sea species richness across
562  different depth strata. Maps of species count (Nhat) as calculated using MSODM are
563  presented as shelf (a), slope (b) and deep-water species (c). Nhat is an estimate of species
564  present per cell based on our occurrence matrix (Z). Z a latent variable used to calculated
565  presences and absences of species within each cell.
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Extended Data Figure 3: Mean Variance of Multispecies occupancy detection models
(MSODM) predictions of species occupancy probabilities, for (a) shelf diversity (20-
200m), (b) slope diversity (200-2000m) and (c) deep-water diversity (2000-6500m).
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Extended Data Table 1. Encapsulation of species richness hypotheses by environmental and

physical predictors.

Hypotheses Predictors Predictor Derivation Hypothesis Description Citation Expected
pattern
anticipated for
bathome(s)

Kinetic Annual Mean CARS 2009 dataset. Warmer temperatures 1,2 Shelf

(thermal) Seafloor Interpolated available | lead to higher richness.

energy Temperature oceanographic data Possible mechanisms

Hypothesis (AMT; C°) (from 1950-2009) include (but not limited to):

across the globe for (i) increased metabolic

Annual 79 depth layers at a rates leading to increased

Standard resolution of 0.5° rates of speciation /

Deviation of latitude/dongitude. decreased extinction rates

Seafloor averaged (i) warmer environments

Temperature are easier to tolerate

(ASDT,; C°) physiologically; (iii)
warmer environments
provide more metabolic
niches.

Productivity- Modelled Particulate organic This hypothesis’ predicts 3.4 Slope; Deep-

richness Particulate carbon flux to the a positive effect of primary water

hypothesis Organic Carbon | seafloor (POC flux; g | productivity on species

Flux (POC flux; C m-2 year-1) was richness. Theory and
gCm?year’) estimated using NPP | empirical studies also

and SVI data and support the idea that
Modelled productivity export seasonal pulses of
Seasonal models. productivity can sustain
variation of net diverse populations.
primary SVl is a function of
productivity satellite-derived
(SVI; g Cm-2 chlorophyll
year-1) (SeaWiFS). NPP and

SVI were calculated

across the years

2003 to 2010.

The Oxygen CARS 2009 dataset. Predicts a negative 5 Shelf; Slope

environmental Minimization Interpolated available | relationship with

stress Zones (OMZs), oceanographic data environmental stress and

hypothesis Proportion of (from 1950-2009) richness. Low oxygen

grid cells with across the globe for concentration is an
AMO 79 depth layers at a important environmental
concentrations resolution of 0.5° stressor in marine
< 2miA. latitude/Aongitude. systems.

averaged

Evolutionary Annual Mean CARS 2009 dataset. Oxygen increases 2,6 Shelf, Slope,

rates Oxygen Interpolated available | mutation rates, but directly Deep-water.

hypothesis Concentration oceanographic data contributing to increasing
(AMO; mi/l) (from 1950-2009) metabolic rates and
across the globe for production of free radicals
79 depth layers at a and oxygen reactive
resolution of 0.5° species.
latitude/longitude.
averaged
Source-sink Distance from We estimated Source-sink hypothesis 7.8 Deep-water
Hypothesis Coast/Continent | distance from predicts that species
al Margin continental margins assemblage of abyssal
using IFREMER species form a source-
Continental margins sink system in which
shape files. abyssal populations (sink)
are regulated by
immigration from bathyal
sources.
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597 Extended Data Table 2. Correlations between environmental predictors used in GLMs,
598 SLMs and MSODMs by bathome. Correlations with an absolute value of greater than 0.7 are
599  highlighted as bold.

Bathome POC
Shelf AMT ASDT AMO NPP Ssvi POC OoMZ DC
AMT 1.000 0.308 -0.780 0.038 -0.228 0.000 0.195 -
ASDT 0.308 1.000 -0.180 0.446 0.171 0.408 0.115 -
AMO -0.780 -0.180 1.000 -0.237 -0.015 -0.251 -0.492 -
NPP 0.038 0.446 -0.237 1.000 0.357 0.939 0.338 -
POC SVI -0.228 0.171 -0.015 0.357 1.000 0.591 0.197 -
POC 0.000 0.408 -0.251 0.939 0.591 1.000 0.360 -
OoMZ 0.195 0.115 -0.492 0.338 0.197 0.360 1.000 -
DC - - - - - - - -
POC
Slope AMT ASDT AMO NPP Svi POC OMZ DC
AMT 1.000 0.337 -0.446 0.196 -0.023 0.152 0.214 -
ASDT 0.337 1.000 0.098 0.411 0.347 0.522 0.118 -
AMO -0.446 0.098 1.000 -0.124 0.093 -0.056 -0.497 -
NPP 0.196 0.411 -0.124 1.000 0.517 0.899 0.220 -
POC sVvI -0.023 0.347 0.093 0.517 1.000 0.599 0.207 -
POC 0.152 0.522 -0.056 0.899 0.599 1.000 0.188 -
omMZ 0.214 0.118 -0.497 0.220 0.207 0.188 1.000 -
DC - - - - - - - -
POC
Deep-water (LSA) AMT ASDT AMO NPP Ssvi POC OMZ DC
AMT 1.000 0.158 -0.210 0.139 -0.066 0.150 0.076 -0.112
ASDT 0.158 1.000 -0.210 0.184 -0.036 0.119 0.020 0.078
AMO -0.210 -0.210 1.000 -0.044 0.182 0.001 -0.341 -0.113
NPP 0.139 0.184 -0.044 1.000 0.521 0.904 0.177 -0.353
POC sVI -0.066 -0.036 0.182 0.521 1.000 0.520 0.182 -0.393
POC 0.150 0.119 0.001 0.904 0.520 1.000 0.178 -0.375
oMz 0.076 0.020 -0.341 0177 0.182 0.178 1.000 -0.149
DC -0.112 0.078 -0.113 -0.353 -0.393 -0.375 -0.149 1.000

600
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Extended Data Table 3. Top SLMs based on AIC under all model selection for each
bathome (Delta AIC of <2). We present model covariates including linear and quadratic
terms, the number of parameters (k), Akaike Information Criteria (AIC), R? and Moran’s P-
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value for each model.

Model SLMs

Variable Selection k AIC R? | Moran's P-value
Shelf

1+ AMT + AMT2 + AMO + AMO? + OMZ + OMZ2 + SVI + SVI? + POC + POC? 11 | 2242.145 | 0.369 0.265
1+ AMT + AMT? + OMZ + OMZ2 + SVI| + SVI2 + POC + POC? 9 | 2242.351 | 0.362 0.188
1+ AMT + AMT2 + SVI + SVI2+ POC + POC? 7 | 2243.632 | 0.351 0.204
1+ AMT + AMT? + OMZ + OMZ2 + SVI + SVI2 7 | 2243.855 | 0.357 0.280
Slope

1+ AMT + AMT2 + POC + POC? 5 | 2589723 | 0.375 0.681
1+ AMT + AMT? + AMO + AMO? + POC + POC? 7 | 2591.206 | 0.373 0.658
Deep-Water (LSA)

1+ SVI + SVI? + POC + POC? 5| 806.272 | 0.205 0.381
1+ AMT + AMT2 + POC + POC? 5| 806.408 | 0.164 0.359
1+ POC + POC? 3| 806.601 | 0.135 0.366
1+ SVI + SVI2 + POC + POC? + DC + DC? 7 | 807.072 | 0.161 0.381
1+ AMT + AMT? + SVI + SVI2 + POC + POC? 7 | 807.554 | 0.215 0.374
1+ AMT + AMT? + AMO + AMO? + POC + POC? 7 | 807.633 | 0.179 0.369
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Extended Data Table 4. Deviance reduction between null multispecies occupancy detection
models and fully fitted models. Estimates are presented with Bayesian Confidence interval
(BCI) for hierarchical multispecies occupancy detection models. pD is a Bayesian statistic
that measures deviance, it is represented as: pD = wvar(deviance) / 2, which is calculated
in JAGS software (Just Another Gibbs Sampler).

Bathome Null Deviance Full Model Null pD Full Model pD | A Deviance Deviance

Deviance Reduction
Shelf 109583.51 (BCl: | 98126.56 (BCIl: | 101050.02 10412.05 11456.93 11.7%
109247.72, 1101 | 97824.14, 9844
62.04) 7.66
Slope 173525.87 (BCI: | 167309.26 (BIC | 847841.31 13329.09 6216.607 3.6%
172516.77, :167043.31, 16
176573.34) 7560.76)
Deep-water 19133.33 (BCI: 13658.34 (BCI: | 130153.60 4314.64 5474.98 28.6%
(LSA) 18368.61, 13480.75,
20147.84) 13842.62)

'\v
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