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Abstract

Mueller’s pearlside (Maurolicus muelleri) is a mesopelagic fish with a wide distribution in
the Pacific and Atlantic Oceans, including the Mediterranean Sea. The potential habitat of
the species in the Greek seas was identified using ensemble modelling derived from eight
different Species Distribution Models (SDMs). Acoustic data collected in the lonian and
Aegean Seas between 2018 and 2020 were used along with biological sampling performed
with a pelagic trawl for determining the species presence and its characteristic echo-traces
in the study areas. M. muelleri echo-traces appear as large aggregations of smaller, densely-
populated shoals, that contribute to a cloud-shaped formation. Presence/absence
observations, paired with environmental and bathymetry data, were modeled using the
Biomod?2 software package. Out of 10 different Species Distribution Modelling approaches
applied, those eight with the highest evaluation metrics were used for ensemble modelling,
producing annual probability maps of M. muelleri presence in the Greek seas for the period
2018-2020. Bottom depth showed the highest variable importance in all models, followed
by the surface chlorophyll concentration (mg/m®) and sea current geostrophic velocity
(m/s). Probability of presence was high in the zone between 100 m and 250 m during every
year, presenting widespread suitable habitats in the Greek seas. Hotspots were identified
in the North Aegean Sea and near the shelf breaks throughout the Greek Seas. The results
contribute to the knowledge of mesopelagic fish distribution and their potential interaction
with charismatic species and assemblages of commercial importance.



Mepiinyn

To €idog Maurolicus muelleri eivon pecomerlayko yapt pe evpeia eEdmimon otov Elpnviko
Kol tov Athaviikd Qkeavo, cvumeptiopfavopévng kot g Mecoyeiov. Ta mbavd
EVOLOLTNLLOTO TOV €100VG OTIG EAMVIKEG BAANCOEG TPOCIOPIoTNKAY HE TN YPNOT EVOC
oLVOLACTIKOD HOVTEAOL 7OV TPOEKLYE OO OKTM EMUEPOVS OTOTIOTIKG HOVIEAQ
katavoung ewdmv (Species Distribution Models, SDMs). Xpnoyomomnkav okovotikd,
dedopéva mov cLAAEXOMKaY amd to Iovio kot To Aryaio [TEAayog amd to 2018 émwg to 2020,
KaOdG Kot BLohoyikég derypaTtoAnyieg Tov TPayaTOTOMONKAY (e TEAAYIKT TPATO Y10 TOV
TPOGIOPIGHO TNG TOPOVGING TOV EI00VE KOL TOV YOPUKTNPLOTIKOV NYOYPUUUATOV TOL GTIC
neployés pedémge. To myoypdppoata tov M. muelleri  epeoaviovior g peydeg
OVYKEVTPMOELS LKPOTEPMOV, TUKVAOV KOTAOIDV, TOL GCLUPAAAOVY GE EVa GYNUATIGUO TOV
npocopotdler o vépog. Ta dedopévo mopovciag-amovciog, o©€ GUVOLAGUO UE
neplParroviikd  dedopéva Ko dedopévo  Pabvpetpiag,  povrelomomOnkav
YPNOOTOUDVTOG TO TaKETO Aoyiopikoy Biomod2. And ta 10 dapopeticd SDMS mov
EPAPLOCTNKOY, T 8 LLE TOVG VYNAOTEPOLG OEIKTES AELOAOYNONG YPTCILOTOWON KAV Y10 TN
ONUIOVPYiN TOL GLVIVAGTIKOV HOVTEAOL, TOPAYOVTOG XAPTES TOV delyvouy TNV ThavoTN T
napovsiog Tov M. muelleri otig edMinvikéc Bdhacoec yia kKabe £tog and to 2018 £m¢ 0
2020. To Bd&Bog tov TMLOUEVE TAPOLGIOGE TNV LYNAOTEPY] CNUOVTIKOTNTA GE OAQ TO
LOVTELD, JLE TN GVLYKEVTPmON YA®Po@OAAN S (Mg/M?) oV empdveta g OdAacsag Kot T
YE®OTPOPIKT ToyhTNTo pevpdtv (M/s) va akoiovBovv. H mbavotnta napovsiog frav
vynAn ot {ovn petagd 100m kot 250m, pe 16odvvapa anoteAéopota Hetald TV TPV
ETOV, TOPOVCIALOVTOS HEYOAO €UPOC KATAAANA®V eVOLUTNUATOV OTIS EAANVIKEG
OaAlacoeg, pe hotspots mov evtomiotnkav oto Bopelo Atyaio Ko Kovtd oTnv NIEPOTIKY
voorokpnmidoa tov EAAnvikov Boiacoov. H perétn ovuPdiier ot yvoon ywo v
KOTOVOUT TOV UECOMEANYIKOV YOPIOV OTIG EAMVIKEG BdAacoec aAld kot TV mhavn
OAANAETIOPAOT) TOVG E EUTOPIKNG CNUHOGTOG E10T).



1. Introduction

The mesopelagic zone, also known as the twilight zone, is defined as the zone that stands
between the euphotic, epipelagic zone and the bathypelagic zone. In terms of bathymetry
the mesopelagic zone is usually defined as the area between 200 m and 1000 m depth 1.
Only a small fraction of sun light reaches the mesopelagic zone 2, thus rendering the
conditions insufficient for photosynthesis and primary production. Despite the limited
presence of light in this large area that covers 20% of the global ocean mass, adaptations

of the organisms that occupy the mesopelagic zone, make the light sufficient for predation
3

Mesopelagic fish constitute the most abundant group of vertebrates in the marine
environment # and are present in every ocean °. They occupy the twilight zone during the
day while many species perform Diel Vertical Migrations (DVM) during the night to feed
upon the zooplankton of the epipelagic zone. Thus, they play a key role in the energy influx
within the mesopelagic ecosystem. Mesopelagic fish assemblages form distinct layers in
the mesopelagic zone, called the deep scattering layers (DSL), that can be identified by
acoustic means. The global biomass of mesopelagic species had been largely
underestimated in the past, with older studies suggesting that it is ~1,000 million tons °; in
contrast, a more recent study has estimated the global biomass to be one order of magnitude
higher (between 11,000 and 15,000 million tons) °. Therefore, their important role in the
mesopelagic ecosystem underscores the significance of understanding their assemblages
and distribution. Underwater acoustics are commonly employed as a tool for assessing
mesopelagic fish abundance and distribution.

Underwater acoustics, such as echosounder devices transmit sound waves vertically
through the water column. By examining the backscatter of the transmitted sound,
information can be acquired about the distance from the target (e.g. sea bottom and fish
schools) and its density (Horne, 2000). Different fish species, due to their respective
anatomy, size and behavior inside the water column, may form schools that have different
density and/or echo trace characteristics. By combining acoustic data alongside
supplementary biological sampling, echo traces can be attributed to specific species or
groups of species.

Since broad-scale sampling is extremely time-consuming and expensive especially under
a regular monitoring scheme, there is a need to develop techniques to indirectly quantify
the distribution of marine organisms. Species distribution models (SDMs) are algorithms
that use presence/absence or abundance data to relate them with environmental data, in
order to predict and visualize the spatial distribution of the species inside the study area
(Elith et al., 2006; Giannoulaki et al., 2014). SDMs are useful tools that contribute to
understanding the dynamics between environmental parameters and habitat suitability
which is essential for ecosystem management, fisheries and prediction of changes in future



species habitats due to climate change. SDMs are widely used in studies for marine species
but the single SDM approach poses a risk of uncertainty. Increasing number of studies have
shown that using ensemble SDMs helps assessing the factor of uncertainty and produce
improved predictions, considering the variability amongst results produced with different
algorithms (Grenouillet et al. 2011; Ramirez-Reyes et al., 2021).

The mesopelagic zone in the Mediterranean Sea is occupied by fewer fish species
compared to the adjacent Atlantic Ocean, with the most abundant families being
Myctophidae, Sternoptychidae, Phosichthyidae, Gonostomatidae, Stomiidae and
Paralepididae '. Mueller’s pearlside Maurolicus muelleri is a small mesopelagic fish
belonging to the Sternoptychidae family with world-wide distribution 2. It is usually found
in the shallower part of the mesopelagic zone and is even considered to define its upper
limit (Kaartvedt et al. 2019), while it is known to perform DVM to feed 2. It is not currently
a target for commercial fishing although there have been attempts and an ongoing interest
for its exploitation 141°, Studies have shown that it is part of the diet of different commercial
and charismatic species, such as Thunnus thynnus ¢, Eythynnus alleteratus ', gadoids 8
and marine mammals °, suggesting that it a species of great ecological interest. Still, little
is known about the preferred habitats of mesopelagic fishes. In the Greek seas M. muelleri,
is one of the most prevalent species, usually occupying areas close to the seafloor, near the
continental shelf (Kapelonis et al., 2023). With the scientific interest around those species
rapidly growing, new knowledge about their habits and distribution is essential. Thus,
obtaining information on their spatial distribution and the link with different environmental
parameters, provides knowledge on the dynamics of the mesopelagic ecosystem, on
potential climate change effects, and probable implications deriving from their
exploitation.

The objectives of the current study were: (i) to model the distribution of M. muelleri, using
modern techniques, in particular ensemble species distribution modeling (SDM), (ii) to
investigate the importance of certain environmental parameters in the prediction of the
suitable habitat for M. muelleri, and (iii) to project suitable habitats into maps to identify
areas with high probability of presence. To this end, species presence and absence from
acoustic data were combined with a set of environmental parameters, through 10 different
SDM algorithms. An ensemble algorithm was created and the probability of the species’
presence was projected in maps of the Greek Seas, providing valuable knowledge for
understanding the ecology of the species and the mesopelagic zone in general.



2. Materials & Methods
2.1. Study Areas

The study area covered several parts of the Greek seas, including open seas as well as
enclosed gulfs. The Aegean Sea is located in the eastern part of the Mediterranean (Fig.1),
separating the Greek and Turkish mainland and is the area where the majority of the Greek
fisheries operate. It is characterized by high environmental variability; the Northern part of
the Aegean Sea is considered one of the most productive areas of the Eastern Mediterranean
due to nutrient rich water inflows, from big rivers and the Black Sea 2*-2%, while the central
and southern parts are quite oligotrophic. The Cretan Sea is located at the Southernmost
part of the Aegean, north of the island of Crete, (Fig.1), and is the deepest basin of the
Aegean, reaching ~2500 m depth 2. It is considered one of the most oligotrophic areas in
the Greek seas and the biggest part of its primary productivity is attributed to upwelling
from gyres and vertical mixing of water layers 2°. On the west Aegean Sea, between Evia
Island and the mainland, is located the Gulf of Evia (Fig.1), a generally shallow gulf with
a deep basin in its Northern part where maximum depth is ~440 m, that is considered
oxygen deficient from ~350m and below (HCMR unpublished data). The Saronic Gulf,
with a maximum depth of ~450 m, is also part of the west Aegean Sea, located south of the
Attica peninsula and the Greek capital of Athens. Due to its proximity to the metropolitan
area of Athens, it is considered heavily disturbed from anthropogenic pollution, mostly
attributed to urban and industrial waste 2-2°,



Fig. 1. Contour map of the Greek Seas and study areas

The lonian Sea, located between the Greek and Italian mainland (Fig.1), is the deepest sea
in the Mediterranean with a maximum depth of 5121m 3. The Eastern, Greek part of the
lonian is considered oligotrophic in comparison with the Aegean Sea, with no influence
from big river inflows 3! and a relatively narrow continental shelf. The Hellenic Trench, a
long deep trough starting from the central lonian Sea which heads south of Crete, has been
identified as an important marine mammal area as it hosts several cetaceans that inhabit
deep waters 3234, Part of the lonian is the Gulf of Corinth (Fig.1), a deep gulf with a
maximum depth of 935m and a steep slope, that is connected to the lonian through the
much shallower Patraikos Gulf (Kapelonis et al., 2023). It is considered of great ecological

importance as it is a habitat for a large number of marine mammals, especially dolphins
35,36



2.2. Acoustic and Biological data
2.2.1. Sampling

The presence of M. muelleri was explored with acoustic surveys held in the Aegean and
lonian seas (Eastern Mediterranean Sea, Greece) (Leonori et al., 2021; Kapelonis et al.,
2023) on board R/V Philia, in the framework of monitoring and research projects
targeting small pelagic and/or mesopelagic fish (Leonori et al., 2021; Kapelonis et al.,
2023), during the time period 2018-2020. Acoustic data were collected using a hull-
mounted Simrad EK80 split beam echosounder, traveling at a speed of ~8 kn. Out of the
four split-beam transducers (38, 120, 200 and 333 kHz), only the 38 kHz frequency was
capable of operating throughout the depth range of all the surveys, and thus, used for the
analysis. The echosounder system was calibrated, before each survey, with the standard
target method (Demer et al., 2015). Echo sounding took place during daytime, both in
predefined transects and opportunistically during transit, while the total distance covered
during the sampling was approximately 2500 nm (Fig. 2).

Fig. 2. Map of the Greek seas, presenting the locations of observed M. muelleri characteristic
echo-type presence (blue) and absence (yellow) during the acoustic sampling surveys and the
locations of observed M. presence (green) and absence (red) during the biological sampling,
in the time period between years 2018 and 2020.



Biological sampling for echo-trace identification took place in parallel with the acoustic
surveys in selected parts of the study areas (Fig. 2) using a pelagic trawl of 7 m vertical
opening, 12 m horizontal opening and a 16 mm (stretched) mesh cod-end, typically towed
at 3-4 knots.

2.2.2. Analysis

Biological sampling and acoustic data were used alongside former knowledge (Kapelonis
et al, 2023), to produce an expert-based protocol for recognizing the characteristic echo-
traces of M. muelleri.

The entirety of the acoustic data was grouped by transect and through the Echoview
software, a calibration procedure took place. The software settings were tuned for each
transect, based on the environmental conditions of the area (temperature, salinity) recorded
by CTD casts. The bottom line was automatically set by the Software’s bottom detection
feature and manual corrections took place where necessary. Different echo-trace regions
were identified and outlined manually in polygons. The echo traces that resembled the
characteristics attributed to M. muelleri were manually labeled. The acoustic tracks were
divided into a number of intervals based on an elementary distance sampling unit (EDSU)
with length of 200 m. Using a threshold of -70 dB, the Nautical Area Scattering Coefficient
(NASC-sa) [m? nmi 2] was calculated for each interval, which is the acoustic backscatter
(sv) integration of the M. muelleri region samples for the specified interval scaled to 1 nmi2.
Species presence was assigned to each interval with a non-zero M. muelleri NASC, and
absence was assigned to all other intervals.

2.3. Environmental and Bathymetry data

In order to associate M. muelleri presence with environmental parameters, a list of variables
was explored and their values were retrieved for each interval sampled. Bathymetry data
were directly obtained from the acoustic integration data by means of the average bottom
depth per interval and a set of 13 environmental variables were acquired from respective
databases (Table 1). For satellite-derived parameters, annual mean environmental values
for the time period of 2018-2020 were used (instead of monthly or daily ones) because the
presence data were collected in different seasons, and no extended seasonal horizontal
migrations have been reported for M. muelleri in the study area (Kapelonis et al., 2023).
Variables related with chlorophyl, temperature and organic matter such as Surface
Chlorophyl-a Concentration (CHL, mg/m?®), Photosynthetic Active Radiation (PAR,

9



mol-m2.sY), Sea Surface Temperature (SST, °C), Euphotic Depth (ZEU, m) and
Particulate Organic Carbon (POC, mg/m®) were acquired from Ocean Color
(oceancolor.gsfc.nasa.gov). Variables related with hydrology, i.e. Eddy Kinetic Energy
(EKE, cm?/s?), Sea Level Anomaly (SLA, m), meridional component of the absolute
geostrophic velocity current (VADT, m/s) and zonal component of the absolute
geostrophic velocity (UADT, m/s) were acquired from AVISO+ (www.aviso.altimetry.fr),
and Salinity (SAL, psu) and Sea Bottom Temperature (SBT, °C) were acquired from
Copernicus Marine Data Service (marine.copernicus.eu). Distance to Coast (DTC, m) was
calculated from Euclidian distance through GIS. Sea Bottom Slope (SLO, degrees from
North), was acquired from GEBCO (www.gebco.net), and so was Sea Bottom Depth (DEP,
m) data for the needs of SDM projection (see below). More information on each variable,
i.e. transformations, spatial resolution and data source(s), is listed in Table 1.

2.4. Data preprocessing

All variables were tested for collinearity in order to omit those that were highly correlated,
to improve the interpretability of the models (including diagnostic/evaluation metrics) and
to reduce the model error for some SDMs. Four of the variables (CHL, EKE, POC, ZEU)
presented high Pearson’s Correlation Coefficient values (PCC>0.7; Fig. 3), thus only Sea
Surface Chlorophyl Concentration (CHL) was kept and the rest were not used for the SDM
training to avoid model overfitting 3°. Model fitting has higher success probability when
the data used follow the Gaussian distribution, thus transformations were applied to
environmental data where necessary (Table 1, Sup. Fig. 1) and all the data were
standardized by subtracting the mean and scaling to unit variance (i.e. z-transform).

10
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Table. 1. List of environmental variables tested along with data sources, available resolutions and applied
transformations.

Variable Tranformations Source Sensor/Product Resolution
Depth cubic root, z- simrad ek80, gebco.net GEBCO_2023 450 m
transform
CHL reversed, z- oceancolor.gsfc.nasa.gov MODIS-A SMI 4 km
transform
Slope log, z- gebco.net GEBCO_2023 450 m
transform
UADT z-transform www.aviso.altimetry.fr SSALTO/DUACS 0.125°
(merged product)
VADT z-transform www.aviso.altimetry.fr SSALTO/DUACS 0.125°
(merged product)
PAR z-transform oceancolor.gsfc.nasa.gov MODIS-A SMI 4 km
SLA z-transform www.aviso.altimetry.fr SSALTO/DUACS 0.125°
(merged product)
SST z-transform oceancolor.gsfc.nasa.gov MODIS-A SMI 4 km
SBT z-transform marine.copernicus.eu MEDSEA_MULTIYEAR 4 km
_PHY_006_004_E3R1
ZEU z-transform oceancolor.gsfc.nasa.gov MODIS-A SMI 4 km
POC reversed, z- oceancolor.gsfc.nasa.gov MODIS-A SMI 4 km
transform
EKE reversed, z- www.aviso.altimetry.fr SSALTO/DUACS 10 km
transform (merged product)
SAL square root, z-  marine.copernicus.eu MEDSEA _MULTIYEAR 0.333°
transform _PHY_006_004_E3R1
DTC cubic root, z- Euclidian distance GIS calculated 400m
transform

The presence/absence ratio of the hydroacoustic data for M. muelleri was ~9%. It has been
shown that the number of absences used in SDMs has great influence in their performance
0 The preferred presence/absence ratio appears to be different for each type of SDM, with
regression techniques such as generalized additive model (GAM) and generalized linear
model (GLM), having higher accuracy when more absence data are used, while machine
learning techniques such as gradient boosting machine (GBM), random forest (RF) and
multiple adaptive regression splines (MARS), have higher accuracy when the
presence/absence ratio is equal to 1 “°. The magnitude of the influence that
presence/absence ratio has on SDM accuracy also varies amongst different techniques,
with little influence on regression techniques and high influence on machine learning
techniques “°. Also, the 1:1 presence/absence ratio, is shown to provide better SDM
predictions, when the absence data are taken from a large area “*. Thus, the
presence/absence data that were used in the present study, were balanced using an
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algorithm that removes absence values randomly from the dataset until the number of
presence and absence data is equal.
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Fig. 3. Pearson’s Correlation Coefficient plot of the environmental variables tested

2.5. Modelling

The Biomod2 R software package >3, was used to fit multiple SDMs and produce an
ensemble model. Biomod2 combines any number of the following 10 SDM algorithms:
classification tree analysis (CTA), generalized additive model (GAM), gradient boosting
machine (GBM), generalized linear model (GLM), surface range envelop (SRE), artificial
neural network (ANN), random forest (RF), multiple adaptive regression splines (MARS),
flexible discriminant analysis (FDA), and maximum entropy (Maxent) to form an ensemble
SDM algorithm that predicts the probability of the targeted species’ presence inside the
study area.

The cross-validation strategy that was used for individual SDM performance evaluation,
was the “random” Biomod?2 strategy. The dataset was split in two groups, all the models
used 80% of the data for calibration, then the remaining 20% of the data were used for
calculating two different evaluation metrics: the true skill statistic (TSS) and the receiver
operating characteristic (ROC) area under the curve (AUC). Both of them were calculated
from specificity and sensitivity values for each individual SDM, using the true presence
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ratio and false presence ratio deriving from the two groups of the split dataset. TSS values
> 0.6 and AUC > 0.8 are considered good to excellent %4,

Different combinations of tuning settings were tested for each SDM by running it three
times for each set of settings and then comparing their mean evaluation metrics, TSS and
ROC. The default Biomod2 settings for species distribution modelling showed the highest
performance in every model, thus they were used for the final model runs.

An additional round of SDM runs took place and Variable importance indexes were
calculated for each individual SDM by Biomod2; environmental variables that showed
really low importance indexes (<0.1) in all SDMs were removed one at a time and the
SDMs ran again, with variables that continued to show low importance indexes being
removed. Bottom depth, Sea Surface Chlorophyl Concentration, Sea Bottom Slope,
Photosynthetic Active Radiation (PAR) and Absolute Dynamic Topography (VADT and
UADT), was the final set of variables that were used for model training. Each of the
variables that were removed, was individually placed back in with the final set for an extra
test run. None of those variables showed higher variable importance on those test runs, thus
the final variable set remained the same.

The SDMs that met the evaluation metric thresholds, in particular TSS>0.7 and ROC>0.8,
were used to create an ensemble model algorithm. The ensemble model was created using
a weighted mean of the SDMs that passed the evaluation metric thresholds; the individual
SDMs were weighted based on their TSS scores. Response curve diagrams were created
for each environmental variable, to identify how the range of the variable values influences
the probability of M. muelleri presence.

2.6. Projection

The final ensemble algorithm was used to predict the probability of M. muelleri presence
in the entirety of the Greek seas. Using Biomod2 projection function, and three different
environmental parameter datasets for the years 2018, 2019 and 2020, three maps were
created that presented the probability of presence (0-1) of the species for each year. The
maps were rendered using the Qgis software (www.ggis.org/en/site ) and were processed
to provide a clear image of the probability of presence gradients.

3. Results
3.1. Acoustic sampling

Biological sampling showed that echotraces associated with M. muelleri presence were
largely monospecific as only few or none individuals of other species were caught. The
shoals of M. muelleri inside the study areas showed a distinguished behavior compared to

13
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other mesopelagic fish: their echotraces appeared as sparse, extended clusters of smaller
densely populated schools that occupied areas often larger than 1 nmi in length and usually
ranging from depths of 100 m to 250 m (Fig. 4). Echo-traces of juvenile fish aggregations
appeared in shallower zones than larger individuals, as indicated by biological sampling-
data gathered inside the gulf of Corinth. There was a limited number of pelagic hauls that
M. muelleri was present along with other species; in such cases the echotraces were of
different form, i.e., dense layers at short distance from the seabed. Since such layer-type
formations (contrast to the abovementioned shoals) usually didn’t contain M. muelleri, it
was assumed that in these few instances, the species was caught at the boundary of its
distribution, when the two echo-types overlapped. Therefore, such acoustic layers were not
taken into account for modelling, probably ignoring a small portion of the species
distribution. Out of 24,045 intervals analyzed, M. muelleri was documented in 1,922, with
~90% of the documented presence occurring in the depth zone of 100-300 m (Fig. 5).

Fig. 4. Echogram showing shoals of juvenile (a) and adult (b) M. muelleri
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Fig. 5. Histogram demonstrating the density of presence (blue) and absence (red) observations
for M. muelleri in relation to bottom depth (m), during the acoustic sampling surveys that took
place between years 2018 and 2020.

3.2. Modelling

Biomod2 individual model runs were 80% successful, with eight out of ten modeling
methods that the software package supports, showing higher evaluation metric scores than
the acceptable predetermined threshold (TSS>0.7, ROC>0.8) (Table 2). Sea bottom depth
was the highest contributing variable in all modeling methods with mean variable
importance index of (0.82). CHL concentration was second with a mean variable
importance index of (0.12), followed by UADT (0.11), bottom slope (0.06), PAR (0.06)
and VADT (0.05), the last three environmental parameters had significantly lesser impact
in model training. The ensemble modelling merged algorithm presented great fitting to the
data with evaluation metric scores well above thresholds (TSS=0.88, ROC=0.99).
According to the response curve diagrams produced by Biomod2, the highest probability
of presence was associated with depths ranging from 200 m to 240 m, chlorophyl
concentration ranging from 0.4 mg/m? to 1.5 mg/m® and UADT (west-east direction, sea
current speed) ranging from -0.04 m/s to -0.02 m/s (Sup. Fig. 2).
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Table. 2. Evaluation metric scores (True skill statistic, Receiver operating characteristic) and
environmental variable importance indexes for each Species Distribution Model that was tested.

Evaluation
metric score Variable importance

SDMs TSS ROC Depth CHL Slope UADT VAD PAR

RF 0.952  0.997 0.546 0.206  0.093 0.206 0.065 0.061
CTA 0.863  0.950 0.799 0.213 0.122 0.270 0.091 0.157
GBM 0.856 0.971 0.904 0.093  0.025 0.027 0.001 0.035
MAXENT 0.814  0.958 0.904 0.048 0.061 0.062 0.010 0.057
MARS 0.809 0.948 0.864 0.160 0.014 0.078 0.000 0.060
FDA 0.777  0.943 0.947 0.130 0.008 0.025 0.000 0.050
ANN 0.777 0.927 0.977 0.083 0.024 0.068 0.030 0.059
GLM 0.773  0.927 0.959 0.066 0.011 0.030 0.029 0.021
GAM 0.646  0.879 0.718 0.110 0.013 0.278 0.111  0.030
SRE 0.473  0.737 0.628 0.067 0.197 0.106 0.110 0.054

Three different maps were projected using the Biomod2 ensemble model, presenting the
probability of M. muelleri presence in the Greek seas from 2018 to 2020, one for each year.
The three maps presented almost identical patterns due to bathymetry being the key
variable in model training, which remains unchanged through the years. Probability of
presence was extremely high in the North and North-East Aegean Sea (Fig. 6), with key
factor being the extended areas that range from 150 m to 250 m depth, forming cyclical
patterns at the boundaries of deep basins (e.g. the North Aegean Trough as well as south
of Lemnos and west of Lesvos islands). In addition, a second extended area with somewhat
lower probability of presence was identified in the Aegean Sea, covering similar depth
ranges around the Cyclades Island complex and the Argo-Saronic Gulf (Fig. 6). The
probability of presence was also much higher in the northern parts of the Greek seas
decreasing progressively in the southern areas, following the downwards trend of
Chlorophyl-a sea surface concentration from the more productive North to the South
Aegean Sea. M. muelleri suitable habitats were also identified by the model in enclosed
Gulfs presenting smoother bottom slopes, like the Toronean Gulf and the northern part of
the Gulf of Evia, which provide extended areas with suitable depth ranges in combination
with other conditions. In the lonian Sea, the areas that presented high probability of
presence are narrow and in close distance to the shore (Fig. 6) due to the steeper slope and
the narrow continental shelf. Highest probability has been identified inside the Gulf of
Corinth and in the Inner lonian Sea archipelago (Fig. 6).
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Fig. 6. Mueller’s pearlside probability of presence maps for years 2018 (a), 2019 (b) and 2020 (c)

4. Discussion

Species distribution models are powerful tools for understanding the patterns that dictate
habitat suitability for marine species. Nonetheless, studies that are based on single-
algorithm SDM projections, introduce the risk of uncertainty when choosing a single
modeling technique. Herein, the Biomod2 ensemble SDM was successfully applied to
model the distribution of M. muelleri in the Greek Seas. This approach minimizes the risk
of uncertainty and high variability of results through the procedure of weighing each
individual SDM based on its performance and then combining all to produce a final
algorithm.

Little research on mesopelagic fish has taken place in the Mediterranean Sea, due to the
lack of commercial use for this group of fish and the demanding sampling required (e.g.
owing to the deep-sea environment and offshore surveys needed). Recent studies have
shown that mesopelagic fish -and M. muelleri in particular- are major zooplankton
consumers being at the same time possible prey for commercial fish such as tunas and
charismatic species such as dolphins 18171619 These, combined with the possibility of them
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being used as fisheries resource, has increased the scientific interest around these groups
of fishes. M. muelleri, being one of the most abundant mesopelagic fish in the
Mediterranean and the Greek seas (Kapelonis et al., 2023), is a great candidate for
contributing to the knowledge of the dynamics of mesopelagic fish assemblages. In
addition, the distinct acoustic typology and the monospecific character of the M. muelleri
aggregations allow for modelling the species distribution with high degree of certainty. The
Greek seas, characterized by high variability in topography and environmental parameters,
with examples as the deep lonian Sea and the topographically complex Aegean Sea
archipelagos, the highly productive Northern Aegean and the oligotrophic South Aegean,
as well as the existence of deep Gulfs with varying characteristics (e.g. with steeper or
smoother slopes), serve as a great study area for SDM applications.

Overall SDM performance in the current study was high, with eight out of ten SDMs being
above the evaluation metric thresholds (TSS>0.7, ROC>0.8), even with the relatively strict
thresholds that were set >4, The large number of SDMs with high performance used to
compose the final ensemble algorithm, likely contributes to the exceptional performance
of the latter (TSS=0.88, ROC=0.99). Bottom depth is known to affect mesopelagic fish
distribution #7“8, From the results of the current work, bottom depth appeared as the key
predictor for habitat suitability with the highest mean variable importance (0.83). The
importance of bottom depth as a predictor can be explained by visualizing the monospecific
aggregations of the species. They occupy a bathymetrically niche area (~150-250 m), that
is located shallower in the water column than the typical DSLs and often in stronger
association with the seabed. M. muelleri schools in the Eastern Mediterranean don’t seem
to overlap extensively with other mesopelagic fish aggregations; this behavior can
potentially be attributed to a strategy towards reducing interspecific competition by
avoiding the competition with other mesopelagic fishes in the same area. In addition,
juvenile fish occupying areas closer to the surface than larger individuals, is a behavior that
is potentially associated with the avoidance of intraspecific competition. M. muelleri shoals
appear to have similar behavior in different parts of the world, they are found in the same
depth range (~150-200 m) during daytime in the North Atlantic Ocean *°, with juveniles
found shallower than larger individuals . They, occupy areas near the continental shelf,
in the North (Gjgsater et al., 1981) and South Atlantic ocean °!. Furthermore, M. muelleri
is the most abundant fish species of the upper mesopelagic zone in the Norwegian Fjords
(Gjosater et al., 1981). As a species that occupies the part of the mesopelagic zone that
provides the highest amount of light possible 31, it’s position inside the water column is
affected by the light 3. Moreover, M. muelleri shoals usually appear to be in close distance
to the bottom and the continental shelf break 2. The combination of the latter two
observations can potentially explain the bathymetrically niche area that M. muelleri
occupies.
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CHL and UADT mean variable importance (0.12 and 0.11 respectively) seem low
compared to depth, however due to the SDM-weighting nature of the ensemble algorithm
and significantly higher importance (>0.2) in SDMs that presented high TSS scores (CTA:
0.86, RF: 0.95), those variables had a larger contribution to the projection than initially
expected. CHL concentration being a proxy for productivity, has been shown to be one of
the most important variables for species habitat suitability and biomass prediction of small
pelagics *® and mesopelagics (Irigoien et al., 2014). UADT, a variable associated with sea
current movement on the North-South axis was highlighted as an important predictor for
Atlantic mackerel habitat suitability in the Mediterranean Sea (Giannoulaki et al., 2017).
The relatively low variable importance of UADT and CHL, is possibly associated with the
usage of presence/absence data in the SDM runs instead of abundance data. It is probable
that a modelling approach that uses abundance data as dependent variable would highlight
more the effect of variables related to circulation, productivity and/or food availability
because such variables and their gradient are expected to affect more population density;
removing the factor of abundance and the habitat’s capacity to support fish populations,
potentially limits the impact of CHL and UADT on individual SDM runs. Slope was
initially expected to have higher contribution to the ensemble SDM algorithm formation,
due to M. muelleri echotypes appearing in multiple locations close to the shelf break (Fig.
4), where bottom slope gets its higher values. Those expectations were not met, possibly
because the shelf break in the study area is often located between depths of 150-250 m that
are ideal for M. muelleri presence according to the ensemble SDM algorithm.

The annual projected maps (2018-2020) presented little variance in the probability of
presence as the dynamic environmental parameters had lower importance in contrast with
the non-dynamic (Depth). Little variability was identified only in areas with high
probability of presence, with values varying from 0.8 to 1 between years 2018 and 2020
(Fig. 6). Sea surface temperature (SST) and sea bottom temperature (SBT), were amongst
the variables that had minimal impact in all the models and were excluded. CHL
concentration, is known to be influenced by changes in sea temperature >*°°, mostly due to
vertical mixing within the water column. In addition, climate-related changes in
precipitation and river runoffs can affect primary productivity, with contrasting patterns
forecasted in the Eastern Mediterranean (e.g. increasing: Macias et al., 2015; Richon et al.,
2019). Thus, climate change can possibly affect the habitat of M. muelleri due to changes
in CHL concentration.

The areas with high probability of presence for M. muelleri, projected by the current study,
overlap to a great extent with fishing grounds for commercial species in the Greek Seas 8.
M. muelleri potential distribution in the North and Central Aegean Sea presented extremely
high resemblance to the fishing grounds for the Blackmouth catshark (Galeus melastomus)
%8 Fishing grounds for other commercial species (Trachurus trachurus, Lophius
budegassa, Merluccius merluccius, Eledone cirrhosa, Illex coindenti) also overlapped to a
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great extent with M. muelleri spatial distribution °8, mostly in the North and Central Aegean
Sea, the Saronic Gulf and the Inner lonian Archipelago. The habitats of the Common
dolphin (Delphinus delphis) and Bottlenose dolphin (Tursiops truncates) during the early
summer period °°, also cover a great part of M. muelleri spatial distribution in the North-
East Aegean, Inner lonian Archipelago and the Cyclades Island Complex. There is a high
probability that several of those commercial and charismatic species have strong
interactions and possibly feed on M. muelleri individuals, setting M. muelleri an important
part of the marine food webs in the Greek and the Eastern Mediterranean Sea ecosystems.

The current study provides valuable knowledge on M. muelleri spatial distribution,
behavior, dynamics between the environment and the species’ potential habitat and
important information on the ecology of the mesopelagic zone in the Greek seas.
Nevertheless, more aspects of M. muelleri and mesopelagic zone dynamics should be
explored. Abundance data could be used in habitat modeling to explore the potential of
other environmental parameters that can get overlooked when using presence/absence data.
Data from potential mesopelagic-boundary community ¢ DSLs that seem to contain M.
muelleri mixed with other mesopelagic species should be better studied and included in
SDMs alongside with monospecific aggregation data, to provide additional insight on the
species distribution. Future projections of environmental data can be used in SDM to
provide information on the magnitude of climate change’s impact on M. muelleri habitat
extent. Finally, the current approach could be applied to additional echo-traces from the
twilight zone (e.g. DSLs at different depth zones) to increase our knowledge on other
mesopelagic fishes and the ecology of the mesopelagic zone in general.
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