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Abstract. Cold-water corals form complex thre&#mensional structures on the seafloor, providing habitat for numerous
speciesand act as a carbon cycling hotspot in the despThe distribution ofthesetheseimportant ecosystems is often
predicted by statistical habitat suitability models, using variables such as terrain characteristics, temperaturgnshlinity,
surface productivity. While useful, these models do not provide a mechanistic understanding of the processes that facilitate

cold-water coraloccurrence, and how this may change in the future. Here, we present the results of a mechanistic process

based model in which coral biomass and respiration are predietsdl on hydrodynamicerganic matter transport and

coral physiology Mhe modd
domain comprises the&old-water coral moundsf the southeast Rockall Bankin the northeast Atlantic Ocean.

Hydrodynamic forcing is provided by a higlsolution Regional Ocean Modelling System (ROMS) model, which drives the
transport of reactive suspended particulate organic matter in the region. The physiologisalteolcbral model, with coral
food uptake, assimilation, and respiration as key variables and with model parameters estimated from available experiment:

reporg, is coupled to the reactive transport model of suspended particulate organic Gwtievater coral biomass was

mainly predicted on coral mounds and ridges in the Meael predictions agree with coral reef biomass and respiration
observations in the study area and coral occurrengesshy-agreewith predictions from previously published habitat
Eilteedeeding

activity by coldwater corals proved to strongly deplete food particles in the bottom waters. Replenishment of food particles

suitability models&:
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by tidal currents was therefore vital for celditer coral growthThis mechanistic modelling approach has the advantage
over statistical and machine learnibgsed predictions that it can be used to obtain an understanding of the effect of
changing environmental conditions such as ocean temperature, surface production export, or ocean currentaten cold
coral biomass distribution and can be applied to other study areas and/or species.
Key findings
- First mechanistic model predicting celhter coral biomass distribution based on both organic matter transport and
hydrodynamics
- High coldwater coral biomass occurred in areas with sufficient organic matter replenishment and high bottom
current speed.
- Benthic carbon mineralization rates on the coral mounds comprised mostly efateldcoral respiration and
compare well with observations.
- Coupling organic matter uptake with the celdter coral model was key in predicting a realistic spatial distribution

of cold-water corals.

Short summary

Cold-water corals are important relefiilding animals in the deep sea anddisgributed globally. Until now, scientisktmve

been mapping and predicting where enldter corals can be found using video transects and stltistarels.This study

provides the first procedsased model in which corals are predicted based on ocean currents and food particle movement.

Theresults show that resupply fwfod by tidal currentsear theseaflooris crucial for predicting where corals can grow.
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1 Introduction

Scleractinian coldvater corals (CWCs) are ecosystem engineers in thesdgethat build reefs of high biodiversity and
biomass(Greiffenhagen et al., 2025; Henry and Roberts, 2007; Jonsson et al., 2004; Roberts et alTh286&kefs are
considered hotspots of organic matter remineralization in the sksathalot et al., 2015; de Froe et al., 2019; Rovelli et
al., 2015) and can form carbonate mounds over geological times(latschel et al., 2005; van der Land et al., 2014;
Wienberg et al., 2020CWC reefs and carbonate mounds are distributed glofiallyies and Guinotte, 2011) a wide
range of environmental conditions, e.g., temperature and oXimdlo et al., 2008; Flogel et al., 2014; Hanz et al., 2019;
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Mienis et al., 2012)but typically in areas with high bottom currefiBavies et al., 2009; Genin et al., 1986; Juva et al.,
2020; Mienis et al., 2007)Thriving CWC reefs have been linked to relatively low dissolved inorganic carbon (DIC)
concentrations, i.e., a high carbonate saturation @téigel et al., 2014)strong tidal current§Juva et al., 2020)and an
aboveaverage quantityGuinotte et al., 2006dnd quality supply of foodde Froe et al., 2022; Kiriakoulakis et al., 2007)
CWC reefs, and deegea habitats in general, are currently under threat by clim#teed oceanic changBrito-Morales et

al., 2020; Gehlen et al., 2014; Jones et al., 2014; Levin and Le Bris, 2015; Morato et a).s2€2@s ocean acidification
(Caldeira and Wickett, 2003; Hennige et al., 2015, 20id@yeasing temperatur&émez et al., 2022; Maier et al., 2023;
Wijffels et al., 2016) altered large scale ocean circulatiéBsers, 2021; Caesar et al., 20240d decreased carbon export
from the surface laye(Bopp et al., 2001; Laws et al., 2000; Wohlers et al., 20B®wever, predicting how these
environmental changes will affect desga habitats remains challenging due to, for instance, technical constraints in

sampling possibilities, and new tools and models are needed to understand hovwa@W@sr spatial distributiowill be

influenced by a changing marine environment

Predictive spatial distribution models cain generalbe divided into two categorigStechele et al., 2023))

statistical, or correlativeapproaches, wheroccurrence data is reldteo spatial emironmental datgKearney et al., 2010)

and 2) mechanistic or procelsased modelling approaches, whtre spatial distribution or population dynamicasedon

the functional traits and physiological constraints of an orgardamhits response to environmentalvers as temperature,
salinity, and food availabilityBriscoe et al., 2023; Kearney et al., 2008, 2010)

_In datistical approaches datm the spatial distribution of a speciisscorrelatedwith environmental data to
understand and/or predict the distribution of a species across a spatial domain (Elith & Leathwick, 2009).

TFhese modeldescribe the patterns therelationrelation between thepecies occurrence and thevironmental

data, andchave proved a useful tool fapbnservatiompurposes antbr understanding ecological patterns at large spatial scales

(Dormann et al., 2012However, statistical approaches offer limite@chanistidnsight into the underlyingprocess that

drive the spatial distribution of specigbey do not take organisenvironment interaction effects into accouand the

statistical prediction can only be applied to other species/conditions/environments to a limited[@otsyann, 2007;

Kearney, 2006)usefubinusefultimited-insightiprocesses-behind-spatial-distribution

Mechanistic modelling approachean providedetailed understanding of tltenstraints thadlrive the spatial distribution of

aspeciesandbecause hese model s make us e odlowtiohmoresopustpiediciods opchinyate i o |

change effect{Kearney et al., 2010)Furthermore,organismsenvironment interactions effects can imeluded ina

mechanisti@pproach.

Current capacity to predict the spatial distribution of CWCs is limited to statistical and machine learning appabécines

can predict the probability of CWC occurrence, density and biomass based on a broad set of environmental variables (i.e
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terrain variables, depth, pH, temperature, salinity; ©g.Clippele et al., 2021b, a; Greiffenhagen et al., 2024; Guinotte and

Davies, 2014; Morato et al., 2020; Rengstorf et al., 200)ile these statistical models can be used to understand the

consequences of climate change for GA(Ce., Morato et al., 2020)they offer limited mechanistic understanding of

underlying processes that drive spatial distribution of species under climate change o(fv@mg®t al., 2015nd do not

take the interaction between CWCs and their environment into ac€W@. mounds alter local hydrodynami&yr et al.,

2016; van der Kaaden et al., 2021hereby enhancing water column mixing and consequently food supply toward the

mounds(van der Kaaden et al., 2020; Soetaert et al., 20d€é)Froe-et-ak-2022:van-derKaaden-et-al—2020-Soetaert et al.,

2046Filtering activity of CWC reefs also depletes Particulate Organic Carbon (POC) in surrounding bottom waters
(Lavaleye et al., 2009; Wagner et al., 2¢Wagner-et-ak—2011heseeffectscan be seen axaledependent feedback

where apositive feedbackincreased food flux) and negativefeedback(food depletion) act on diffent spatial scales

(Rietkerk and van de Koppel, 2008}hich can |lead tspatial seHorganization in CWC reeflwan der Kaaden et al., 2023)

This feedback between organisms and their environment can greatly affect how they respond to environmental changes: b

modifying their own environment, organisms can rearrange their spatial patterns in response to climate change thereb

avoiding a tipping point towards extinctidRietkerk et al., 2021)However, with CWC reefs, their response to climate

change is typically predicted with statistical models that extrapolate the predicted distribution of suitable habitat into th

future. Such methods do not consider the orgagsmironment interaction that has been shown to be key to understanding

an _organismbs r e s pA meshanisticanodelling approaeh, i whach igteractidetween CWCs and

their environmenare explicitly described by procebased formulations, can help understanch processes are important

in predicting the spatial distribution of CWC species.

variables (i.e
inette and

model is
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The development of a mechanistic model requires sufficient knowledge of the ecosystem functioning and of the relevant
speci esd physiol ogy and food supply mechani sms. Me c h a
hydrodynamics at CWC moun@gan der Kaaden et al., 2021; Mohn et al., 2044)well as organic matter transport in the

water column(Soetaert et al., 2016Recently, surface productivity, food supply, and local hydrodynamics have been
identified as the most important factors for coral grofith Clippele et al., 20214, b; Fink et al., 2013; Hebbeln et al., 2019;
Maier et al., 2023ithin their environmental niche (determined by e.g., temperature, oxggenDullo et al., 2008; Hanz

et al., 2019)EW

2020,-2023)0ur understanding of CWC reefs and CWC physiology has vastly improved in the past decades i.e., their basal
and total respiration rat¢Podds et al., 2007; Larsson et al., 2013; Maier et al., 28d8) uptake rate&Sori et al., 2014)

feeding behaviour under altering current spgéligejas et al., 2016aandin situ polyp behaviour in relation to tidal currents
(Girard et al., 2022; Osterloff et al., 201%Here we use these insights to build on an earlier developed modelling framework
that simulated local hydrodynamic forcing and organic matter tran@yottn et al., 2014, 2023; Soetaert et al., 201®)

predict the spatial distribution of CWC biomass and benthic respiration in a CWC mound region in the northeast Atlantic

Ocean.

The CWC mounds and ridges on the seedistern (SE) slope of Rockall Bank (northeast Atlantic Ocean) provide an
excellent study site to develop a mechanistic model of CWC biomass and respiration in relation to local hydrodynamics anc
food supply. This areaasshows strongregienatgeomorphic heterogeneity witentrasts-wittnumerous CWC mounds
between 500000 m depthvhich aresurrounded by sedimentShe CWC mounds in this regigmavhich-have been studied
extensively for several decad@sg..de Froe et al., 2022; van Haren et al., 2014; Kenyon et al., 2003; Mienis et al.,-2006)

Thesemounds are formed by the framework building CWC spdaesmophyllum pertusu(previously known atophelia
pertusa Addamo et al., 201&@ndMadrepora oculatafor which a relatively large amount of physiological data is available.
Past mechanistic modelling efforts at Rockall Bank include a locatrbiggiution setup of the 3D hydrodynamic Regional
Ocean Modelling System (ROMSAGRIF; Shchepetkin and McWilliams, 2005; Mohn et al., 20449 an organic matter
transport mode{Soetaert et al., 2016/ machine learning classificatidrased biomass modelling approach predicted CWC
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biomass, carbon stock, and nutrient cycling capacity of the (BreeClippele et al., 2021a, .bMore recently, new 3D
hydrodynamic ROMS output has been developed to investigate changes of the Atlantic Meridional Overturning Circulation
(AMOC; Mohn et al., 2023)and to study how coral mound size affects local hydrodynawéesder Kaaden et al., 2021,

2024) Furthermore, recent observational studies on benthic carbon cydéngroe et al., 2019)ideo transect¢De

Clippele et al., 2019; Maier et al., 202hydrodynamicgSchulz et al., 2020)and a CWC habitat suitability model of the

Logachev mound arg®&engstorf et al., 2014ffer the opportunity to validate our mechanistic modelling predictions.

Here, we present a coupled mechanistic model based on hydrodynamics, organic matter transport, and CWC physiology. W
specifically aim to predict CWC biomass and quantify CWC and benthic respiratiommeters which are difficult to

predict with statisticaspatial distribution models-Moreover, we investigate what drives the spatial distribution of CWCs

by examining the influence of bottom current speed, organic matter transport, and organic matter depletion on the
distribution of CWC biomass in the study area. Our study contributes to the development of a modelling approach which can
be used to investigate how CWCs will be affected by changing oceanic conditions. Below, we first describe the modelling
approach and data sources that were used to validate the model output. Then, we show how our model performs compared
observational data on 1) hydrodynamics, 2) POC concentration and transport, 3) CWC spatial distribution, and 4) benthic
respiration. Finally, we discuss the spatial distribution of predicted CWC biomass in the model domain, compare our model

predictions with machine learning modelling methods, and discuss the limitations and prospects of our model results.

2  Material and Methods

2.1 Study area

OurThestudy area is situated on theutheastern(SESE slope of Rockall BankArth-east-AtlantieFigure 1Figure1A).
The substrate in this area is characterized by biogefiisediment at the shallow part of Rockall Bank (B@D0O m depth),

coral capped carbonate mounds and ridges on the slope betweé&n1800 m depth, and biogenimft-sediments in
between the carbonate mounds and in the deeper part of the Rockall Bank slope (>1000 iedgpthet al., 2003;

Mienis et al., 2006)Numeroudn-ourstudy-area; @ Ceral ridgesand mounds are found along this slopeanarea known

as the-arefound-inthe nortbasternpart—while-numerous—coral-mounds,—known-atdbachev_mound provincgare
found-—in—the southwestFigure 1Figure-1B). The CWC ridges differ in height and shapéut are mostly elongated
perpendicular to the slop€WC ridges andnounds are generally tregeen 501 300 meter in heightThe largest CWC
mound in the model domai n i s 3@0anlhighe ahe tH thva lenswide) dive knd lOng,\aridi ¢ h

elongated parallel to the Rockall Bank sldpan der Kaaden et al., 202Epr readability, we will refer to the coral mounds
i I do

and ridges in
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The current direction throughout the water column is predominantly to the southwest, driven by the clockwise gyre circling
the Rockall BanKHansen and @sterhus, 2000; Holliday et al., 2000; Mienis et al., 2007; Schulz et al, Th@28jea is
subject to internal waves with amplitude of several 100s of meters and high bottom current speeds (i.e.}>%@om st

al., 2007; Mohn et al., 2014nteraction of tidal currents with mound topography cause breaking of internal (Gywest

al., 2016)with subsequent downward transport of organic méidemeveld et al., 2007; de Froe et al., 2022; Soetaert et al.,
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Figure 1: Study area and model domain. (A) location study area in the Atlantic Ocean, the red line marks the plot boundaries of
panel B, (B) location of parent grid (dashed lines) and the embedded child grid (solid line), (C) model domain with dimensiasf
83 x 55 km, and 450 2300 m depth range. The red arrows indicate the definition of crossind along slope current directions on
Rockall Bank (as also used in Schulz et al., 2020)

2.2  Model speciesDesmophyllumpertusum

The carbonate ridges and mounds in the study area are formed by the framework buildin@&mGphyllunpertusum
andMadrepora oculatgDuineveld et al., 2007; Maier et al., 2021; van Weering et al., 200@se corals form budtke
colonies that can grow several metres high consisting of thousands of coral (Ribjests et al.,, 2009 he keystone
speciedn-this-studyD. pertusunis used ashe model species this study because it provides habitat to numerasist-is
considered-akeystone-species;providing-habitat-to-nrumassosiatednimalsorganismgCostello et al., 2005; Freiwald

et al., 2002; Husebg et al., 2002; Jensen and Frederiksen, a882)contributes substantiallyp reef metabolisngde Froe

et al., 2019)Desmophyllum pertusugenerally feeds on a mixture of particulate organic matter and zooplankton, and in the
Rockall Bank area primarily on particulate organic matarineveld et al., 2007)gs local zooplankton density is relatively
low (de Froe et al., 2022Y herefore, we here use suspended particulate organic carbon (POC) as food source proxy for

pertusum

2.3 Modelling approach

This study was seaip by coupling three models (details provided below): first, hydrodynamic output was extracted from a
local setup of the ROMBGRIF model, which was previously developed and validated for the Rockall Bank study region
(Mohn et al., 2014, 2023)5econdly, the hydrodynamics forced a suspended particulate organic carbon (POC) reactive
transport model followingSeetaert—et—al—{(201Foetaert—et—al-2016a) (Soetaert et al.(2016) Finally, a new
physiclogicalhirbaseghysiologicallybased CWC and sediment model was developed, using the POC dynamics and

hydrodynamic model data as forcing, to predict CWC biomass, sediment organic matter content, arah@¥&diment

respiration.

2.3.1 Hydrodynamic model

Mohn et al. (2014yives a detailed description of the hydrodynamical modellingsetf which the output was used in this
study. In short, the ROMBGRIF model domain encompasses an area of 86 x 58 km, which was divided into 336 grid cells
in longitudinal direction and 228 grid cells in meridional direction, resulting in a horizontal resolution of 250 metérs (dep
range 322500 metersEigure 1Figure1B). This child model grid was nested inside a parent grid with a 750 m resolution
that encompassed an area of 190 x 188 Kkinu(e 1Figure1B). Both models were run on a staggered Arak@agrid with

a terrainfollowing stretched sigma grid of 32 vertical levels (Supplemerftaryre A 1Figure A1) which provides a higher
vertical resolution at the surface and seafl(@ichepetkin and McWilliams, 20053ottom layer height was on average

around 8 m. Tidal forcing was prescribed using the TPXO7 global tidal inverse sdigbart and Erofeeva, 200Xjere
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we used hydrodynamic output (horizontal currents) data for the period March 1979, which was simulated and validated in a
separate study investigating the influence of contrasting AMOC states on benthic hydrodynamics at different CWC sites
(Mohn et al., 2023)This specific time period was chosen for two purposes: first, fresh POC arrives at CWC reefs in the
study area in springDuineveld et al., 2007)Second, in the year 1979 the AMOC showed a weak s{gteling et al.,

2016) Given that the AMOC state is currently at its weakest of the last millenf@asar et al., 2021and may weaken

further under global carbon emission projecti@Bakker et al., 2016; Caesar et al., 2018ing modelled properties of a

weak AMOC year provides a good representation of future large scale circulation patterns and hydrodynamic conditions
(Mohn et al., 2023)The hydrodynamic output, stored ah@8ur intervals, was then used to model POC dynamics in the

water column.

2.3.2 Organic matter transport model

A detailed description of the organic matter transport model can be fodwbinert-et-al{(201§poetaert et al(2016)

i H i H vah-the-wate olumn-and deposition on the
seafleerln this model,—POC-s_transport is simulatediranspertedinthrough the model domain by a combination of
advectivetransport andpassiveranspersinking, and biological degradatioAs in Soetaert et a(2016) advective transport

is driven by horizontal currentsu(v) and vertical or upward/downward currentd.(POC advection occurs throughout the

model domain based on theh8ur interval output from the ROMAGRIF model, with zerayradient boundary conditions

on the lateral boundaries of the model domain. A constant input of 12 mmol PQ@C imassumed at the upper boundary

(i.e., export from the photic zoneYhis value is based on the annual primary production and export efficiency in the study
area and we used an annual primary production and export efficiency for the Rockall Bank area of 26Ggd2:%
respectively(Henson et al., 2015)esulting in an export of 12 mmol C%at?. Passive transportf POCoccurs byPOC

passive sinkingvith a rateof 10 m d* through the water column, which is consideregresentablespresentativéor slow

sinking suspended particléRiley et al., 2012)Deposition of POC on the seafloor is assumed as bottom POC concentration
times the passive sinking rate. Furthermore, POC is subject to constaatdastdecay. The degradation rate of sinking

POC isdefinedak = 0. O T(Hensdn et al. 2616; Yool et al., 201i) which T is temperature in °Temperature

ranges from 4 °C at 2000 m depth to 15 °C in the summer periods at the surface. Therefore, we used a water colum

temperature of 10°C which corresponds toof 0.03 d*. The reactiveransport model is implemented as:
i il "otk r Mgt kr ®Mg.oobkr ™. Er
P m, u, m, m,

o] ,C")”' |= EEquation 1)

Where H is the grid cell thickness in meters, PO®& the concentration POC in the grid cell in mmol & m is the

eastward horizontal water velocity,is the northward horizontal water velocity,is the vertical water velocifyws is the
passive sinking velocity of POC in the water column in“inkds the firstorder decay rate of POC in'd

10
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The POC transport model was numerically solved with POC concentration in the center of each box and exchange fluxe:
defined on the grid cell interfaceBhe flow velocity output from the hydrodynamic model (in 3 hour timesteps) was linearly
interpolated in time to obtain flow velocities at every model integration step. To decrease computation time and close the
mass balances, vertical flow was calculated from the flux divergence of the horizontal flow and assuming a constant free
surface or zero elevation (d). Comparing the vertical
pattern of vertical velocities compares well (Supplementanyre A2FigureA2). The model was numerically integrated

using a variabl®rder AdamsMoulton predictofcorrector scheme, as implemented in th@dekage deSolvéR Core

Team, 2019; Soetaert et al., 2018yvection was implemented using simple fiostler upwind differencing; due to the
numerical dispersion that this method generates, no horizontal or vertical diffusion was imposed and numerical dispersior
was generally low.

2.3.3 Benthic cold-water coral biomass and sediment models

We imposed CWC biomass and sediment organic matter at the bottom boundary layer of the model domain (see conceptu
diagram inFigure 2Figure2). The CWC biomass model is based on CWC organic matter uptake and physiology. We
express CWC biomass based on the metabolically active tissue, with tissue organic carbon as proxy, and exclude inorgan
carbon of their calcium carbonate skeletons. In our model, CWC take up POC from the bottom layer of the organic matter
transport model by suspension feeding. To take the physical constraints of a coral into account, we use several efficienc
parameters and a CWC surfaoebiomass conversion factor. The net change in CWC biomiass calculated as logistic

growth with a carrying capacity, a per capita CWC growth rate, and a metabolic cost rate. First, we describe the model
equations, followed by a rationale on the chosen parameters and values. An overview of all parameters and values is als
given inTablelFablel. The CWC model is described as:

—— 6w6O0p — 266 W 26 2QO00 U hQ

3¢

"00 4 D w6 (Equation?)

Where— is the net change in CWC bioma&WG,) over time (in mmol C M d?), CCcucis the carrying capacity

(6000 mmol C n?), POGy, is the POC concentration in the bottom boundary layer (mrmi] viy, is the bottom boundary

layer current speed (in m3lcalculated aswy = U? + V2, Acwcis the polypsurfaceto-biomass ratio oD. pertusum( 7 . 48 A
10° m? (mmol C)Y), e is the dimensionless feeding efficiency in which a CWC incorporates passing food particles into
biomass and is approximated as the POC capture efficien@wC& 15) times the assimilation efficiency (Ak; 0.80)

and by the negrowth efficiency (NGEwc; 0.10),FPcwcis the fraction of extended polyps (see Equation 3)nant is the

basal CWC respiration rate (0.003%.d-Pcwcis calculated as:

11
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(Equation3)

whereFPcwcis the fraction of open CWC polyps fitted on observational datau(e A3FigureA3), FPnaxis the maximum
fraction of extended polyps, as measured in sit@sterloff et al. (2019 is a dimension fitting parametdx; is the current
speed at which half of the CWC polyps are open intm s

The parameters and values are chosen as follows: the stofbicenass ratio Acwd) is defined as the biomaspecific

feeding area, or the polyp area, per mmol C of coral and is expressédrimmal organic C}. A colony ofD. pertusum
contains 2.40 £ 0.99 polyps per g dry weight (mean + SD; n £bH;et al., 2014)and consistéor-of 1.36% + 0.35 of
organic carbon per g dry weigfde Froe et al., 2019; Larsson et al., 2013; Maier et al., 20b@yefore,D. pertusum
comprisesconsistsof 2.12 + 0.87 polyps per mmol C. The polypshbfpertusumhave a surface area of 35.3 + 2.0 fnm
polyp! (Purseretal., 201 nd mul ti plying the polyp surface area with
10° m? per mmol C. This surfaem-biomass ratio represents the maximum feeding surface, but not all polyps of a colony
are always fully extended, e.g. current speed influences the polyp behavior of(©stal$off et al., 2019)At high flow

speeds, corals can retract their polyps to reduce the force drag on their tissue. We implemented this bédhtngr by
experimental data of polyp extension versus current velocity (EquatiéigBie A3Figure-A3; Orejas et al., 2016b)
Additionally, not all extended polyps are successful in capturing a food particle. A study of a hydroid coral showed that
between 5 and 60% of polyps were successful in capturing a food particle, depending on the flow regime and coral
morphology. Here, we introduce this parameteCBswc and as the mean capturing efficiency for an elongated coral colony

ranged from 0.10 to 0.30, we set its value to an intermediate value ¢Hudter, 1989)

CWCs can also experience intralonial polyp competition, i.e. inner polyps of a colony may filter water which was already
partially filtered by polyps on the outside of the col¢®alli et al., 2016; Kim and Lasker, 1998his effect is considered

by introducing a carrying capacity (G&c) or maximum population density. The carrying capacity is described in the
benthic model as:;p —— , so coral growth rate approaches zero when the population density reaches the carrying

capacity. The maximum CWC density measured in a boxcore in the study area was 1,800 miiolioh living corals
covered ~20% of the box cofPe Clippele et al., 2021a; de Froe et al., 20A9ideo transect found maximum coverage of
60% of the seafloor on a large coral mound in the study(Mager et al., 2021)Based on these data, we set the carrying
capacity of CWCs to 6,000 mmol C%mFood particles captured by corals are divided into a digestible anddigestible
fraction with the assimilation efficiencyAEcwd). Direct measurements of the assimilation efficiency for CWCs are not
available as experimental measurements are often difficult because thesiilated part of the food is often mixed with
particulate mucugWild et al., 2008) However, the release of particulate organic matter (i.e-aseimilated matter and

12



mucus) is found to be small compared to the food upfdiager et al., 2019und theAEcwcis therefore set to 0.8, consistent
with values reported for tropical corglanthony, 1999) The assimilated food is used for growth and for the maintenance
metabolism. The fraction of carbon incorporated into the tissue compared to the assimilated carbon is known as the ne
growth efficiency NGE). Although data on NGE for CWCs is scarce, two studies estimafeéGsor D. pertusunto be

345 between 0.05 and 0@Maier et al., 2019; van Oevelen et al., 201B)erefore, theNGEcwcis set to 0.1, which is low
compared to bettestudied taxa like zooplankton (>0.5) and shallwater anemones (013 0.6; Anderson et al., 2005;
Zamer and Shick, 1987However, a low growth efficiency and slow growth are typical for dlbred species such d3.
pertusumRoberts et al., 2009)

350 The sediment organic matter model is described as:

0z006 P 00 zZOowod M z006 (equationd)

Where— is the change in sediment organic matter concentration over time (in mmd), ARDGeq is the

355 concentration of organic matter in the sediment top layer (in mmol C Pemmis the passive sinking rate of POC in the
bottom layer (10 m#), POGy is the organic matter concentration in the bottom layer grid cell in mmoPf,QABewcis a
dimensionless assimilation efficiency parameter (0.8UYG, is the organic matter uptake by CWCs in mmol €dn (i.e.

first term in egs. Randksedis the sedimentary organic matter respiration-Ld

360 Table 1: model parameter values, conversion factors, and respective sources

Parameter Description Value Unit Source

FO Water column POC upper bounda 12 mmol C m? d*! (Henson et al., 2015)
export production

K poc Water column POC decay rate 0.030 d? (Henson et al., 2015; Yool e

al., 2011)

Ws Water column POC passive sinkin 10 m d? (Riley et al., 2012)
speed

Acwc CWC surfaceto-biomass ratio 7. 485 A m*mmol C! (de Froe et al., 2019; Gori ef

al., 2014; Larsson et al.,
2013; Maier et al., 2019;
Purser et al., 2010)

CEcwc CWC capture efficiency, fraction g 0.15 - (Hunter, 1989)
polyps that capture a food particle

AEcwc CWC assimilation efficiency, 0.80 - (Anthony, 1999)
fraction digestible POC

NGEcwc CWC netgrowth efficiency, 0.10 - (Maier et al., 2019; van

13



fraction digested POC used for Oevelen et al., 2016)

growth
FPmax CWC maximum fraction of 0.90 - (Orejas et al., 2016a;
extended polyps Osterloff et al., 2019)
p CWC scaling parameter for 15 - (Orejas et al., 2016adhis
calculating fraction of extended study
polyps related to bottom current
speed
kv CWC flow speed at which half of | 0.40 m st (Orejas et al., 2016a)
polyps are rectracted
CCcwc CWC carrying capacity, maximum 6000 mmol C n? (de Froe et al., 2019; Maier
biomass density et al., 2021)
Mewe CWC basal respiration rate 0.0035 d? (Larsson et al., 2013)
Ksed Sediment respiration rate 4. 12A | d? (Westrich and Berner, 1984)
Ve
/
, 7/
7
7 Benthic respiration
, /
/
POM concentratipﬁ POM uptake
Flow speed 4 Growth
-— , 4 | - respiration
; . 4—.‘ ssn.nllatlon
[ [ efficiency Basal
: : respiration
‘ ?: POM deposition

| Figure 2: Ceonceptual diagram of the here developed coldiater coral and sediment model. The left panel shows one bottom grid
cell, the arrows indicate water and POC exchange with surroundingrid cells. The right panel represents the benthic coldvater
365 coral and sediment model.

2.4 Procedure to solve the coupled model

Model spirup of the fully coupled model proved to be computer intensive as CWC growth operates on a time scale of years

whereas hydrodynamics operate on timescales of ~ hours. The followingstipeprocedure for model spiup was
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therefore performed (se€€gure 3Figure3 for a workflow diagram): (1) organic matter transport initialization, (2) CWC
biomass and sediment organic matter initialization, and (3) coupled bbidbaochemical model runs.

In step 1, the initial suspended particulate organic matter concentration was imposed by an exponential decrease with wate
depth, reflecting passive sinking of PO&dure 3Figure3A; Martin et al., 1987)Advective transport of organic matter is
spirtup by running the organic matter transport model consecutively for three months. After which water column POC

concentration remained in more or less steady state in each consecutive run.

The output of step 1 was used to initialize the CWC biomass and sediment POC concentration iRistep Z{gure3

C&D). The bottom boundary POC concentrati®®Cyb) and the bottom boundary current speed)(averaged per bottom

grid cell over the whole ormonth model run were used to calculate initial CWC biomass and sediment POC concentration
for each bottom grid cell (see Equation 2 and Equation 4). This resulted in high CWC biomass along tH@050@ depth

range in the model domain (see Figure 3D inset).

The outputs of step 1 (initial water column POC concentration) and step 2 (initial CWC biomass and sediment POC
concentration) are then used as initial conditions for the fully coupled modeFiunse@3Figure3 E). In the coupled model

runs, the uptake of POC by CWCs would decrease POC concentration in the bottom boundary layer. The first time we rar
the fully coupled model it appeared that step 2 overestimated the CWC biomass, as in the fully coupled model corals
depleted POC to such an extent that it led to a rapid decrease in coral biomass throughout thé& idomegifiure3 F).

CWCs are slow growing organisms and the chosen physiological parameters in our model therefore only allow CWCs to
increase/decrease relatively slowly in biomass in our model domain. For example, if the CWCs were starved and no fooc
would be available, the basal metabolic cost rate (0.08B&duld only allow CWC biomass to decrease by 0.35 % per day.

As each model run represents one month, it would take considerable amount of time and model runs to reach a (dynamic

biomass equilibrium in the coupled model. To speed up computaticftaeed performed the followindwo steps. First,

we dividedthe initial CWC biomass from step 2 by three and used that as initial benthic biohhasspecific value fo

dividing by three was chosen iterativetiuring the model development procedsividing by three wouldspeed up

computationsonsiderably butvould not alter the initial condition®trieved from step 1 and step-ZhisThe new initial

CWC biomass would still be higher théme CWC equilibrium biomass throughout the model domain, as CWC biomass was
still declining in consecutive model runs. Second, we ran the coupled model for a total of five consecutive months with a
coral growth/decline enhancement factori@fwelve. This is a method that is also used in morphological and sediment

transport modelling approachélanasinghe et al., 201T)he enhancement factor of twelve was chosen iteratively during

themodelling development process and was chosen due to the following regsmmsielused one month of hydymamic

output, an enhancement factor of twelve would compare with one year of running the witdkl maks comparing

modelling outputwith/without enhancement factororeintuitive, and 2Jusingamuch larger factori €., enhancement factor
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of 100), would change the shetimescale dynamics of CWC growth and thereby alter the mechanics of the model. For

example,using @& enhancemenfactor of 100 wouldin some areas of the model domaause strong daily CWC biomass

fluctuations which would affect the bottom water POC concentrations as #vddctor of twelve proved to speed up the

computations but would not affect the mechanics of the mbBaediy-After running the model for five consecutive months

with the enlancement factotwo months were run without the growtbinhancement to arrive at the final output, in which
dCWG, / dt was close to steadhate.

2.5 Data sources for modeldata comparison

To compare our model predictions and evaluate model performance, we compare our model output with recent observatione
studies in the study aregi@uredFigure4 A & B). Two moorings measured current profiles, turbidity, and fluorescence for

a full year(Schulz et al., 2020Benthic respiration rates were quantified on two mounds in the Logachev mound province,
and an adjacent sediment afda Froe et al., 2019Dur CWC biomass predictions are qualitativetgessedomparedvith
observations. The % cover of living CWC, dead framework, and sediment was quantified from video transects and used as
proxy for CWC biomasgDe Clippele et al., 2019; Maier et al., 202&nally, a statistical habitat suitability model has been
developed for the same model dom@engstorf et al., 2014as well as a machine learning regresdiased biomass maps

(De Clippele et al., 20214J he results of these studies are used for model validation and to discuss our findings.
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430

Figure 3: Workflow diagram describing the steps used to spin up the coupled model with the large panels showing the average
POC concentration in the bottom layer across the model domain and the small inset panel showing the esfiter coral biomass
across the model domain. ONAO6 means that predictions ofm t he
|l ayer POC concentrati on Nasdisetd. (198V) B) hotomiihger ROCrcdnsentration after spirup of

POC transport by advection, which is used as input (C) for initializing benthic biomass. Initialized colevater coral biomass used

as input (E) to couple the POC transport model with the benthic model. F) POC depletion in the bottom water column after
running the coupled model with one week of data. Running the coupled model for seven times results in our final CWC biomass

predictions.

19

(



Cross section over Haas mound

I Inset B
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Figure 4: Observational data locations used to validate the model results. A) Map of whole model domain with dotted lines
illustrating the bathymetry and the black line indicates the crosssection over Haas mound used foi/ideo A2Videe-A2. B)
expanded detail on where most data was collected. Box cores data is used to validate benthic respiration and biomass, mooring

435 data is used to validate hydrodynamics and POC transport, coral cover data from video transect (VT) are used to validate CWC
bi omass pr edipetercecnic RiCoesl are the contours of area within w
Rengstorf et al. (2014)'de Froe et al. (2019)? Schulz et al.(2020) 2 Maier et al. (2021) * De Clippele et al. (2019)° Rengstorf et al.
(2014)
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3 Results & discussion

440 Our CWC biomass predictions tend to follow the bathymetry with high CWC biomass predicted on the flanks and summits
of the CWC mounds of which highest values are found on the flanksré 6Figure6). Below, we first compare our
predictions with available data on 1) hydrodynamics, 2) POC concentration and transport, 3) CWC distribution, and 4)
respiration. Subsequently, we discuss the distribution of predicted CWC biomass in the model domain, compare our mode

predictions with machine learning modelling methods, and discuss the limitations and prospects of our model results.

445 3.1 Comparing model performance with observations
3.1.1 Hydrodynamic- and organic matter transport model

Hydrodynamic forcing of our 3D model shows that the general or residual current in the model is directecsteulh
| along the slope of Rockall BankiQure AdFigureA4). This is a result of antiyclonic circulation circumventing Rockall
Bank (e.g., Ellett et al., 1986; Holliday et al., 2000; Johnson et al., 20h@) area is subject to a dominant diurnal tidal
450 system where barotropic diurnal tidal waves are trapped, causingstwpsdransport with a diurnal periodicitfluthnance,
1973; Pingree and Griffiths, 1984fhese tidal currents cause high vertical velocities on the flanks and summits of the coral
| mounds following a diurnal and sprimgap tidal cycle Kigure A2Figure-A2 B; Mohn et al., 2014)The hydrodynamic
forcing is validated ifMohn et al. (2023ith current velocity data from various moorings in the region &dwilz et al.
(2020) and White et al. (2007)The general direction of POC transport in our model domain was in southwest direction
455 along Rockall Bank slope/(deo A1Video-Al) as also measured I8chulz et al. (2020)while tidal currents cause POC to
be transported nortbouth over a diurnal tidal cycl&/ideo AlVides-AZL). The vertical currents above the CWC mounds
caused episodic transport of POC towards the seafligure 5; Video A2Video-A2), a process which was observed in
earlier modellingSoetaert et al., 201&nd observational studiéBuineveld et al., 2007; de Froe et al., 2022)
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Figure 5: model output of vertical velocity (left panel) and water column POC concentration (right panel) along tt
Haas transect (Figure 4)-The red ellipse indicates the POC increase close to the mound.

3.1.2 Cold-water coral biomass and sediment model

The CWC biomass was predicted to be highest on the summits and aodtBouthwestern upper flanks of the CWC
mounds Figure 6Figure ). OverallGenerally; our model results matabbservationatlata of CWC/dead framework cover

along video transeci{®e Clippele et al., 2019; Maier et al., 2024% highest CWC biomass was predicted in areas where
high cover of live CWCs/dead coral framework was observed and low CWC biomass was predicted in areas with high
sediment cover Higure 7Figure7; Figure 8Figure-8). However, how well modebbservational data matched differed
between video transects. For example, transect VT7 showed a large discrepancy between modelled and observed CW
biomass/coverHigure 8Figure8 F) i.e., high coral cover predicted in areas where high sediment cover was observed. This
mismatch could have several causes: first, the horizontal resolution (250 m) of the model caused differences in model dept
and video transect depth. For example, the depth of the model domain significantly differed compared to the observed dept
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in video transects 6 and 7 (Supplementaigure ASFigureAS), caused by the different spatial resolutions between model
(250 m) and video transects (1 m). Second,td@epatchy distribution of CWCs and the limited range of vie: (h wide)

of video cameras, the video transects may have missed the presence of live"CMIC. the aspecbf the videotransects

on theCWC mounds alsaffect how well the modelled biomass matcheel dtivserved CWC coveAlthough video and

model showdgenerdly goodagreementyideo transets conducted on the soutiind southwestern slopes of CWC mounds

(VT2, VT5) showed higher predicted CWC biomass thmteo transectsonducted on the northerand northeastern slopes

(VT4, VT6).This iscaused by the southwestern direction of the general current in the model dohigincauses modelled

food supply to be higher on the southuthwestern slopes of CWC mounds tbarthe nortbnortheastern slopeélthough

this general current directionasalsobeenobsenedin field studieg(Schulz et al., 2020; White et al., 200if)is possible

that our model overestimates its influence on feadply compared to realorld conditions Nevertheless, our modelling

results show that the distribution of CWCs can be predicted emgianallocal scale based solely on coarse local

hydrodynamics and organic matter transport, strengthening the hypothesis that a steady food supply or influx is a key drive
for CWC growth and occurren¢®e Clippele et al., 2021b; Hebbeln et al., 2019; Maier et al., 2023; PeR#hws et al.,
2022)

ifferent units tha

ompidnesanodelled CWC biomass
distribution show good agreement with cover of living corals, but predictions show better agreement with the observed
cover of live CWC and dead coral framework combinedjre 7Figure?, Figure 8Figure8). Dead coral framework is
considered CWC skeleton without a live coral tissue, that forms habitat for many associated fauna and microorganism
species(Freiwald and Wilson, 1998Wwhich together account for a substantial part of benthic respira@®ifrroe et al.,
2019)and a complex nitrogen cyc{®aier et al., 2021)CWCs grow in patche@Vilson, 1979) where the living polyps

extend their tentacles in the water column to feed on suspended particles, and the polyps closer to the seafloor eventual
die-off and become buried by baffling of sediméhtienis et al., 2009b; Roberts et al., 2009he good agreememt

betweenour modelled CWC biomass and obsenamnbined cover ofiving CWCs and dead coral frameworéur

coutdl have several causes: first-the
differeneedifferent timescalebetweenthe-timesecale-obur model and CWC reef dynamics. Our model is based on one
month of hydrodynamic model output, organic matter transport and CWC physiéldgy.gh CWC biomassandecrease
declines in the modeldomaindue-to-the-basal-C\WCrespiration—rate;ifbinsufficient food is provided, -mortality or

longevity of CWCs is not included. This means that, in our modélpadfd) conditions remain favorahl€WCs can exist

indefinitely. AlthoughAlthough generally little is known on the temporal and spatial dynamics between living CWCs and
dead coral framework on a reef, CWCs wouldaffeat one point in time and become dead coral framewgzkon@),+ It

could be that CWCs have grown in the past in the areas where we predict high CWC biomass, but which-b#\dudied
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to conditions that were not included in our model (i.e., infection, predation, temperature, ocean acidification). Tihésefore,

reasonable to find dead coral framework where high CWC biomass is predicted in our model.

Previous work on the same video transects also shows that obvive corals and dead coral framework are highly

correlated(van der Kaaden et al., 2023)he presence of dead coral framework on the mounrtlsaténdicatesareas that

were favorabl€or CWC growth in the past. It would be interesting to expand our CWC biomass model with dead coral
framework as a state variable, where dead coral framework i bpilvith a mortality rule (as inlennige et al. 2021)his

would especially be interesting as dead coral frameweepsaffectaffectingbottomhydrodynamicgBartzke et al., 2021,
Corbera et al., 2022nd baffles sedimentbaffling (Wang et al., 202Hhreugh-its—struetureand alters nutrient cycling
threughthecommunibrasseciatechwith dead coral frame(Maier et al., 2021)

Modelled CWC biomass, ranging from B850 mmol C ¥ on the CWC mounds and close to zero in the sediment areas of
the study arear{gure 6Figure6), was on the lower side of observ@VC biomass (e.g., ~ 1850mol C m*mmel-C-m2;

de Froe et al., 2019nd estimates from a machine learning model (~ 48XB7mmol C n? d*mmel-C-m2; De Clippele

et al., 2021a)Modelled benthic respiration ranged between 3.7 and @619l C n? d*! mmel-C-m2-d-1-and closely
followed the CWC biomass spatial distributioRiure 9Figure9A), indicating that CWCs are largely responsible for the
benthic respiration (up to 70%) in areas with high CWC biomBagsiie 9Figure9B). Sedimenbased respiratiomwas
enhanced in areas with high CWC biomaBgjfre A6Figure-A8), due to organic matter deposition on the underlying
sediment and a higher POC concentration in the bottom layer. Modelled benthic respiration in the modedatopaied
generally well with observational datde( Froe et al., 201%igure 9Figure8C), and the modelled benthic respiration on
coral mounds (10 40 mmohnme! C m? d') was comparable with observational data from CWC reefs in the northeast
Atlantic (7.7 - 122 mmol Q m2 d! Cathalot et al., 2015; Khripounoff et al., 2014; Rovelli et al., 2015; White et al.,.2012)
Extrapolding our modelled benthic respiration to a whole Yesmuming—that—modelled—benthic—respiratiova
representative-throughout-the-yeathe seafloor of themodel domairseafleerwould respire in total 104,845 tonnes C per
year. CWCs alonwereresponsible for 11,260 tonnes Chyaf benthic respiration, or 10.7% of the total benthic respiration

i i mmof-Gras predicted-Our

predicted CWeEbased respiratiowascomparable to, but at the upper end of the carbon turnover estimate of 5,763 to 9,260

in the model domain—w»hi

tonnes C yt which was predicted from a CWC suitable habitat madeixact the samerea{(De Clippele et al., 2021a;
Rengstorf et al., 2014)

The good correspondencesrrespedencebetween modelled and observational benthic respiration, but low biomass

estimates in the model compared observations can be explained by the chosen parameter values for our CWC bioma:
model. There are several parameters that are currently poorly constrained. CWC carrying capacity was, for instance
estimated based on box cores retrieved in de Froe et al. (2019), but a maximum CWC density on a reef is currently no
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resolved.Somephysiological parameters for CWCs, such as 'assimilation efficiéA&¢wc and 'net growth efficiency'

(NGEcwo), were presently only constrained based on a few stutliesuld be that our carrying capacity (6000 mmol & m

estimate was an underestimation, and the values chosAidae (0.80) andNGE:-wc(0.10) were an overestimation. If we
540 would set the carrying capacity higher but also decrease valuaEdaeandNGEzwe, CWC biomass would be increased in

the model while benthic respiration would stay at similar levels.

545
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Figure 6: predicted CWC biomass in mmol C n?. Black lines indicate the bathymetry of the model domain (range in depth = 3040
1900 m) with values given in metersbelow sealevel.
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Figure 8: Comparison between model prediction and video transect percentage cover data (VITX/T7, Figure 4Figure-3) from De
560 Clippele et al. (2019) Model predictions are indicated by black line and biomass scale is on the rightakis. A) VT2, B) VT3, C)
VT4, D) VT5, E) VT6, F) VT7, G) locations of the video transects in the model domain (see also Figure®)e number one on the
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Figure 9:Modelled benthic respiration compared to observational data fronde Froe et al. (2019)A) total benthic respiration and
measurement locations indicated in coloured points, B) percentage of total benthic respiration caused by ewigter coral
respiration, C) measured versus modelled benthic respiration: regions are based orde Froe et al. (2019and Rengstorf et al.
(2014)

3.2 Coupling the benthic with the pelagic model is key in predicting colewater coral density

The here presented thrstep modelling approachrigure 3Figure3) provided insight into what drives CWC density in our
model domain. Predicting CWC biomass without coupling the benthic with the pelagic model (step 2; section 2.4), resulted
in an overestimation of CWC biomassidure 3Figure-3 D inset). Coupling the pelagic POC model with the benthic
CW(C/sediment model (step 3; section 2.4), resulted initially in strong depletion of POC in bottom waters, except above the
coral mounds and ridge§&iQure 3Figure3F). In areas where POC was depleted in bottom waters, CWC respiration (right
term Equation 2) was higher than food uptake (left term Equation 2) and CWC density decreased in those areas. On the cor
mounds and ridges, tidally induced vertical currents transported POC towards the seafloor and replenished bottom wate
POC Figure5;-Seetaertetal2016k$oetaert et al., 201L6Thisleaded to CWC growth on the flanks and summits of the
mounds and ridges. Although CWCs benefit from strong bottom cuifiéabdbeln et al., 2016; Purser et al., 2010; White et

al., 2007) our results show that without replenishment of food particles, bottom waters would quickly be deprived of food
particles and CWC biomass would be much lower or would even disappear. These findings suggest vertical transport of PO(
is vital for CWC growth and support the idea that tidal dynamics are crucial for sufficient food supply to the CWC reefs on
these mound&le Froe et al., 2022; van Haren et al., 2014; Juva et al., 2020; Soetaert et al., 2016)

3.3  Spatial distribution of cold-water corals related to hydrodynamics and organic matter transport

The southwesterly residual alonglope current and tidally induced credepe currents cause POC to be advectedcang

down the slope between 5001000 m depth in the model domain, while the net POC transport is in a southwest direction
(Video AlVideo-Al). The combined effect of these currents is that POC concentration is relatively frequently replenished
above the CWC mounds summits and subsequently transported along theiasdwtbuthwestern flankgiure 10Figure

10 A). Under theséaverabldavourableconditions, high CWC biomass is predicted on the southwestern upper flanks of the
CWC mounds Kigure 6Figure6, Figure 10Figure-10). In addition, westward bottom currents that encounter a mound or
ridge are directed southward due to Coriolis fore@re 10Figure-10A; SupplementaryFigure A7Figure-A7), which

further promotes CWC growth on the southern flanks. Furthermore, north of Haas mound we found an area with low bottom
current speed where suspended/organic matter is trapped in an eddy circulation (Supplémentaky FigureA7). This
enhances sediment deposition and compares well with the sediment infill found in tiiianés et al., 2006)

Our model results are in line with previous warkestigatingself-organization in CWC reefiwan der Kaaden et al., 2023)

Self-organizations the processhereorganisms fornteqular patterns inoesystemslue to localscale interactions between
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organisms and their environmef@amazine et al., 2001y hese interactios can either be positivavherdy organisms

enhance local resources by modifying their environment (i.e., ecosystem engineers), or neuatlorganismsleplete

resourcegRietkerk and van de Koppel, 2008)feedback mechanisms operate at different spatial sdakeseferred to a as

scaledependent feedbaclhich is a central principle in the theory of selfjanizationRietkerk and van de Koppel, 2008)

The results of our modelling study also indicate the presence ofdem@dadent feedback in CWC mounds in our study. area
CWC mounds enhandeod availability on a very local scales¢mmit and the upper flank of the mounfisan-derkKaaden
et-al—2024)hich isa positive scalelependent feedback and lead$igh CWC biomas#n these area®epletion ofPOC

in the bottom water by CWCs in our model decreased the quantity of available food for @W@swider spatial scale

located downseamof the areas with high CWC bioma@sigure 10B. This can be seen asrsegativescaledependent

feedback(van der Kaaden et al., 202@)ndleadsto lower CWC biomass in the ared®wnstream of the upper flank and

summits of the CWC mound$his depletion of resources by CWC in the water column due to filtering activity has also

been observed in the fiellLavaleye et al., 2009; Wagner et al., 201@ur model successfully simulates this process,

providing further evidencéor scaledependent feedback and po$sielf-organization in CWC ecosysterfian der Kaaden

- Hence,

Our mechanistic modelling approach and CWC biomass predictions could also be used to examine CWC mound

development and morphologplthough CWC growth and mound development operated on different timescales and our
model does not include sedimentation or baffling of sediment, our CWC predictions can indicate in which direction a mound
will likely develop. The presence of CWC framework promotes mound development by providing structure and baffling of
sediment(Dorschel et al., 2007; Mienis et al., 2007; Titschack et al., 2@1BJC mounds are globally found in a wide
variety of shapes and relative orientation to the general current direction. For example, CWC mounds can be shaped parall
(De Clippele et al., 2017; Hebbeln et al., 2014; Matos et al., 201@¢rpendiculaCorrea et al., 2012p the general

current direction. Furthermore, the distribution of CWCs can differ greatly per mound and region. CWCs are found facing

the current directiofBuhl-Mortensen et al., 2012; Correa et al., 200@) are also found on summits, flanks and leeward
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sides of CWC mound&Conti et al., 2019; Dorschel et al., 2007; Lim et al., 20T CWC mounds in our model domain

are mostly elongated in shape, perpendicular to the soutdiwested net current direction, except for Haas mound, which

has its elongated shape parallel to the current direction, and was formed eexastong hump(Mienis et al., 2006)Our

CWC biomass predictions fit well with the mound morphologies in the model domain. For instance, in the northwest of the
model domain, the CWC ridges shaped perpendicular to the general current direction show high CWC biomass on the
southern sideHigure 10Figure10 C). This agrees well with findings frokvhite et al. (2007)who found that CWC mounds

are often aligned with the major axis of the tidal current oscillation. Our findings indicate that these ridges will develop
further in this direction and might provide an explanation to why these CWC mounds are shaped perpendicular to the curren
and slope.

3.4  Mechanistic coldwater coral predictions compared to statistical methods

The spatial distribution of the here presented CWC biomass predictions align relatively well, but are somewhat shifted
seuthwestwarsbuthwestwardlywith the area of > 0.9 probability of CWC presence predicted with a habitat suitability
model Eigure 10Figured0 D; Rengstorf et al., 20140Dur mechanistic modelling approach allows to dynamically predict
CWC growth and provides insight into the mechanisms that drive the spatial distribution of CWCs in tseaddap
contrast, habitat suitability models use static data on environmental conditions and terrain variables to predict spatial
distribution of CWC cover or presence/absence. Hydrodynamicgtatic) variables such as current speed can be included

into habitat suitability models, which improves model performgBeegain et al., 2018; De Clippele et al., 2017; Lim et al.,
2020; Pearman et al., 2020; Rengstorf et al., 2¢1avever, we show that bottom current speed alone has limited power to
predict habitat suitability as the spatial distribution of CWCs also depends on {edtem organic matter (POC)
concentration and replenishment, which, in turn is affected by CWC growth itself. Recent work in mapping CWC biomass
by a combination of habitat suitability modelling and field measurem@usClippele et al., 2017, 2021ayentified
bathymetric position index (BPI) as most important predictor for CWC biomass in our study area and predicted that CWC
biomass was highest on the summits and crests of the mounds andDidd&gppele et al., 2021ajs this compares well

with our predictions, BPI, the relative height of an area compared to its surroundings, might be a good proxy for areas where
CWCs experience little competition for resources. However, as CWC reefs are elevations on a mound slope, the presence
a CWC would also enhance BPI. Our findings emphasize the necessity to consider feedbacks between CWC growth an

resource availability when predicting spatial distributions of CWCs in the deep sea.

(Dermann200{Bischeretal—2017)
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Figure 10: A) General transport direction of organic matter in the bottom layer above Haas mound, with colour overlay
representing averaged vertical velocity in bottom layer, black lines indicate the bathymetry, and red lines show the predittéow
paths of neutrally buoyant particles that were released on the summits. B) POC depletion by CWCs, colour overlay represents
averaged POC concentration in the bottom layer, black lines show predicted CWC biomass, and red arrows show the general
current direction in the bottom layer. C) Detail of CWC predictions on the ridges in the northeast of the model domain. D)
comparison between CWC predictions and the coral region dRengstorf et al. (2014)indicated by the red line, E) location of
subpanels A and C in this figure.

3.5 Implications, limitations, and future work

This study presents the first mechanistic modelling approach to predict CWC biomass based on organic matter transport an
hydrodynamics. As deegea research is restricted by, among othertghig, access to infrastructure and equipment (e.g.
working class ROVs) the model predictions provide a good means to investigate the spatial distribution and driving
mechanisms of deegea ecosystems, such as CWC reefs. We could demonstrate that a mechanistic 3D coupled transport
reactionmodel successfully predicts CWC biomass. CWC distribution on the-sasthrn slope of Rockall Bank is likely

driven by the horizontal bottom water POC flux, bottom boundary layer POC replenishment, and spatial competition
between CWCs for food. In particular the depletion of organic matter in the bottom water layer by CWCs themselves was
key to adequately predict their biomass. The good fit between video observations, benthic respiration data, and modelle
CWC biomass strengthens the hypothesis that food supply is the prime predictor for CWC(bielviztéln et al., 2019;

Maier et al., 2023vithin their environmental niche (e.g. temperature and salinity rampeky et al., 2008; Riiggeberg et

al., 2011)

The CWC biomass predictions compare reasonably well with video observations but there are several limitations to the
model that should be considered. First, we only used one month of hydrodynamic dateufm apihrun the model, while
seasonal variability in environmental/hydrodynamic conditions would affect CWC gi@athder Kaaden et al., 2021;

Maier et al., 2020)Second, the metabolic cost of reproduction for C\{BEsoke and Jarnegren, 2013; Maier et al., 2620)

not included in the CWC model, which likely results in CWC biomass overestimation. Third, CWC franisetows

complex interactions with bottom hydrodynamics which shape the architecture of the CWC franaematkange the food

supply towards the reef&uihen et al., 2013; Mienis et al., 2019he interaction betweetottom hydrodynamics and

Bettom-—currenfi-CWC frameworkinteractionwas not included in the model as it would require resolving spatial scales
much smaller than 250 m (horizontal resolution of one grid cell in this model = 2pOFmally, resuspension of
sedimentary POC concentration is not included in our model, while it increases POC concentration in the benthic boundary
layer (Adams and Weatherly, 1981and increases food supply to CWQdienis et al., 2009a)Incorporating these
feedbacks might benefit CWC biomass predictions, but would come at a considerable computational cost, as hydrodynamic

would need to be resolved at a much higher spatial resolution.
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Statistical and mechanistic modelling approaches each have their advantages and disadvantages and can be useful

predicting the spatial distribution of a species. Here we discuss some of these advantages and disadvantagesafor deep

research, and more specifically, for CWC research. Statistical modelling approaches require extensive datasets on th

occurrence of CWCs in the despa, which is logistically challenging and costly to acquire. Our mechanistic modelling

approach does not require an extensive sampling campaign on beforehand to train the model and would only require fiel

observations for validation purposeSome of the issues with statistical species distribution models are for instance,

predicting norinear effects of environmental drives on species distribution patters, or, if environmental drives show
interacting effects(Dormann, 2007) Fhis—The presented mechanistic modelling framework appreach—provides- a

frameweorlcould be usedo study the effect of changing temperatures, currents, pH, and nutrients on the spatial distribution

of CWCs in the deep se@WCs could be severely affected by risinghal temperaturesind ocean acidificatioChapron
et al., 2021; Gémez et al., 2018, 2022; Gori et al., 2016; Guinotte et al., 2006; Lunden et al., 2013; Orr et. &lir2afb5)
change also has interactive effects on the growth, fitness, and survival of CWCs, depending on food ayBilsligy et
al., 2017) This modelling framework could be used to study these effects by, for exafpteexample,—the-potentially

studied-by,—for-examplecoupling CWC respiration to water temperature or mathematically simulating the higher cost of
calcification under ocean acidification by increasing basal CWC respiréfiodds et al., 2007; Gori et al., 2016;
McCulloch et al., 2012)In addition, the export of surfaggoduced POC to the degpa could be reduced with climate
change(Bopp et al., 2001)which may decrease biomass of CWC reefsdeepsea benthos in gener@ones et al., 2014;

Puerta et al., 2020; Smith et al., 2008ur model could be used to examine this effect by reducing POC export from the
upper boundary layer/condition. Finally, with the prerequisite of having sufficient physiological data available, our model
could also be applied to other suspension feeders. This modelling approach could also be applied in <tbaradeas,

given hydrodynamic data is available (e.g., ROMSRIF output). In summary, our study improves the understanding of

the mechanisms driving the spatial distribution of CWCs in the deep sea and provides a tool to investigate this undel
changing oceanic conditions.

4  Conclusion

We investigated drivers of the distribution of CWC biomass by developing a first mechanistic model, based on
hydrodynamics, organic matter transport, and CWC physiology. Our model approach successfully predicted CWC biomass
on the coral mounds and ridges of the saahtern slope of Rockall Bank, northeast Atlantic Ocean. High CWC biomass
was predicted in regions with strong bottom currents and sufficient replenishment of bottom water organic matter. Benthic
respiration on the CWC mounds is mostly driven by CWCs. Coupling the pelagic organic matter transport model with the

benthic CWC biomass and sediment model proved to be key for predicting CWC biomass. This model can be used as a to
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in future work investigating the effect of changing ocean conditions on the spatial distribution of CWCs or other suspension
730 feeders in the deep sea.

5 Appendix A

5.1 Figures
O —]
(@]
o
()]
1
o
o
©
1
o
o =
o 74
= .
1
3 =
g -
N

55.4 55.5 55.6 55.7 55.8
735

Figure Al: Latitudinal cross-section of model sigma grid over Haas mound. Example of sigma grid.
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Figure A2: water column averaged vertical velocities (A) from ROMS output and (B) calculated from the horizontal currents.
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740 Figure A3: Fitting of the model parameter FRewe on data from (Orejas et al., 2016b) The higher the flow rate, the lower fraction
of polyps are extended in the Desmophylum pertusum colony.
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Figure A4: Averaged current speed of bottom layer and direction.
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Figure A5: comparison between model and video observations frorbe Clippele et al. (2019)with A) model depth, B) video
transect depth, and C) a map of the transect locations.
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