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Abstract

Aim: Species distribution models (SDMs) are essential tools in ecology and conserva-
tion. However, the scarcity of visual sightings of marine mammals in remote polar
areas hinders the effective application of SDMs there. Passive acoustic monitoring
(PAM) data provide year-round information and overcome foul weather limitations
faced by visual surveys. However, the use of PAM data in SDMs has been sparse so
far. Here, we use PAM-based SDMs to investigate the spatiotemporal distribution of
the critically endangered Antarctic blue whale in the Weddell Sea.

Location: The Weddell Sea.

Methods: We used presence-only dynamic SDMs employing visual sightings and PAM
detections in independent models. We compared the two independent models with a
third combined model that integrated both visual and PAM data, aiming at leveraging
the advantages of each data type: the extensive spatial extent of visual data and the
broader temporal/environmental range of PAM data.

Results: Visual and PAM data prove complementary, as indicated by a low spatial
overlap between daily predictions and the low predictability of each model at de-
tections of other data types. Combined data models reproduced suitable habitats as
given by both independent models. Visual data models indicate areas close to the sea
ice edge (SIE) and with low-to-moderate sea ice concentrations (SIC) as suitable, while
PAM data models identified suitable habitats at a broader range of distances to SIE
and relatively higher SIC.

Main Conclusions: The results demonstrate the potential of PAM data to predict year-
round marine mammal habitat suitability at large spatial scales. We provide reasons
for discrepancies between SDMs based on either data type and give methodological
recommendations on using PAM data in SDMs. Combining visual and PAM data in fu-
ture SDMs is promising for studying vocalized animals, particularly when using recent

advances in integrated distribution modelling methods.
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1 | INTRODUCTION

Information on the long-term spatiotemporal distribution of spe-
cies is the keystone for effective management and conservation.
However, obtaining sufficient sighting data over large spatial and
temporal scales is challenging and costly for cetacean species, par-
ticularly for rare species (Burham et al., 2016; Williams et al., 2006).
The distribution and abundance of cetacean populations are mainly
estimated through shipboard visual line-transect surveys (Frasier
et al., 2021; Kaschner et al., 2012). Although visual surveys may
show good spatial coverage in some areas, they are resource-inten-
sive, often limited to vessels operating exclusively within a nation's
EEZ (exclusive economic zone) and globally show large taxonomic,
spatial and temporal gaps (Kaschner et al., 2012).

The visual detectability of cetaceans is low and subject to several
limitations. Visual surveys depend on the availability of animals at
the sea surface (Fleming et al., 2018; Frasier et al., 2021). Further,
visual surveys are limited to daylight hours and fair weather con-
ditions, affected by sea state, precipitation, fog and wind (Fleming
et al., 2018; Miller et al., 2015; Rayment et al., 2017), which ham-
pers their conduct during winter months, particularly in polar areas
like the Southern Ocean (SO) (Burham et al., 2016; El-Gabbas
et al,, 2021a; Frasier et al., 2021). Extensive survey efforts are
needed to obtain sufficient sightings for estimating species abun-
dance and population trends, particularly for rare and elusive spe-
cies (Kaschner et al., 2012). This is a challenging task even at regional
scales due to the often prohibitive economic and logistic costs of
undertaking surveys far offshore.

Alternative sampling techniques - for example, passive acous-
tic monitoring (PAM) and satellite tracking - can help improve
our knowledge of cetacean distributions and migration patterns.
PAM is a non-invasive method that detects underwater sounds
of vocalizing species, providing consistent, seasonally unbiased
data on the acoustic occurrence of sound-producing animals
and consequently, contributes insights into their ecology, distri-
bution patterns and behaviour (Fleming et al., 2018; Thomisch
et al., 2016). PAM data can, therefore, overcome some challenges
inherent to visual data. The collection of PAM data is less affected
by bad weather conditions (i.e. weather impact on acoustic data
quality occurs only indirectly through changing background noise
levels) and the seasonal existence of sea ice, is omnidirectional,
can cover larger detection ranges than visual sightings and can
operate autonomously year-round equally well during day and
night (Mellinger et al., 2007; Miller et al., 2015; Miller, Potts,
et al., 2019). PAM data was recently shown as a valuable sampling
technique to detect the year-round acoustic presence of rare or
cryptic cetacean species over extended periods in areas and times

not possible to perform using visual surveys (Fleming et al., 2018;
Thomisch et al., 2016).

The Antarctic blue whale (ABW; Balaenoptera musculus interme-
dia) is classified as Critically Endangered by the International Union
for the Conservation of Nature (IUCN) (Cooke, 2018) and is consid-
ered one of the most threatened baleen whale species in the SO.
The SO, and in particular the Southern Boundary of the Antarctic
Circumpolar Current (sbACC), is a known ecologically important
region as high densities of krill are known to occur here, which
forms the primary food resource for ABW (Atkinson et al., 2008;
Tynan, 1998). The distribution of ABW is considered to be greatly
influenced by prey availability, hence, the SO serves as an important
(feeding) habitat for ABW (Branch, Stafford, et al., 2007; Thomisch
et al., 2016). ABWs were once common in the SO, but more than
300,000 whales were hunted to near extinction in the Southern
Hemisphere during the last century's industrial whaling (Clapham &
Baker, 2009; Cooke, 2018; Miller et al., 2015). Although their popu-
lation tends to slowly increase again since the cessation of industrial
whaling, some recent population estimates of about 3000 mature
individuals suggest that they are still less than 3% of their pre-whal-
ing abundance (Cooke, 2018) and it may take decades to reach
half of their pre-exploitation abundance (Branch, 2008; Branch
et al., 2004).

Knowledge of the year-round distribution and movement
patterns of ABWs is crucial to their effective conservation and
management (Shabangu et al., 2020). However, until the past two
decades, knowledge of their distribution and abundance in the SO
was limited to austral summer and mainly derived from histori-
cal catches and rare recent visual surveys (Calderan et al., 2020;
Letsheleha et al., 2022; Sirovi¢ et al., 2009), resulting in a poor
understanding of their distribution, movement patterns and for-
aging behaviour (Miller et al., 2015; Miller, Potts, et al., 2019;
Thomisch et al., 2016). Recent ABW visual sightings are highly
limited by the subspecies' scarcity and low encounter rate, their
wide circum-Antarctic distribution, with associated seasonal sea
ice cover and financial and logistic restrictions to surveys (Miller
et al., 2015; Miller, Potts, et al., 2019; Shabangu et al., 2020;
Thomisch et al., 2016). Year-round, adult male ABWs produce re-
petitive stereotypic low-frequency high-intensity calls (known as
Z-calls) that propagate over several hundreds of kilometres (Miller
et al., 2015; Sirovi¢ et al., 2007), resulting in much larger detec-
tion ranges than attainable by visual sightings. In the Weddell
Sea study area, the majority of ABW vocalizations (95th percen-
tile) have been estimated to be emitted within 100km of the re-
spective recorders when assuming spherical spreading (Thomisch
et al., 2016). During the last two decades, PAM has been increas-
ingly used to study ABWs' year-round distribution and acoustic
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behaviour, particularly in the highly remote SO (Leroy et al., 2016;
Thomisch et al., 2016).

Species distribution models (SDMs) have become standard tools
for estimating species' habitat suitability (HS) and identifying factors
affecting the distribution of the species (Guisan et al., 2017). SDMs
on marine species are less frequent compared to terrestrial species;
however, recent years have shown an increasing interest in using
SDMs in the marine realm (Robinson et al., 2011), particularly when
only presence data are available (Bombosch et al., 2014; EI-Gabbas
et al.,, 2021a, 2021b; Smith et al., 2020). Most cetacean SDMs use
visual sightings, although the use of PAM data is currently increasing
(Brookes et al., 2013; Fleming et al., 2018).

The main objective of this study is to explore the strengths
and limits of modelling the spatiotemporal distribution of ABWs
in the Weddell Sea using presence-only dynamic SDMs with PAM
data. In dynamic SDMs, species detections are spatiotemporally
matched with contemporaneous environmental conditions, allowing
for predicting habitat suitability in time and space (see El-Gabbas
et al.,, 2021a for more details on the difference between static
and dynamic SDMs). Previous ABWs' SDM studies in the SO have
mainly used visual sightings (e.g., EI-Gabbas et al., 2021a, 2021b).
PAM data were frequently used to study the seasonal distribution
patterns, acoustic behaviour and the relationship between ABW
calls and environmental conditions (Shabangu et al., 2017; Sirovi¢
& Hildebrand, 2011; Thomisch et al., 2016), yet not to make spatio-
temporal predictions over large spatial scales. This study, for the first

time, used PAM data to model the year-round dynamic distribution
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of ABWs in the Weddell Sea. Our motivation is that PAM data are
less temporally biased and show a higher detection probability and
broader coverage of environmental conditions than visual sightings,
with the potential to improve model predictions (Frasier et al., 2021).
However, since the complementary visual and PAM data may re-
flect different behavioural states (Fleming et al., 2018; Rayment
etal., 2017), we compared the results of PAM models to models that
use visual sightings only or a combination of visual and PAM data-
sets. We further determined where and when the daily predicted HS
of the three model types agree or disagree.

2 | METHODS
2.1 | ABWs daily detections

The study area encompasses the Weddell Sea (Figure 1) and the
northern part of the West Antarctic Peninsula (WAP) (65° W-30°
E). Latitudinally, it extends from the climatological mean of the Polar
Front (Orsi et al., 1995) to the Antarctic ice shelf edge. ABW visual
sightings from the SO were collated from different data sources and
only quality-controlled sightings from within the study area that tem-
porally match the availability of environmental predictors were con-
sidered (2003-2019). See Appendix S1 for the list of data sources and
El-Gabbas et al. (2021a, 2021b) for more details on visual sighting data.

In total, 132 distinct sightings were used in the models. The spatiotem-

poral distribution of sightings is shown in Figure 1 and Figure S1.

1 AWI209 -6
2 AWI227 - 11/12
3 AWI229 - 9/10

7 4 AWI230-6/7/8

5 AWI232-9/11 4

FIGURE 1 Map of the study area, the Weddell Sea (yellow-marked area). Blue triangles represent Antarctic blue whale visual sightings
(2003-2019). Red squares show the location of the five acoustic recorders, with numbers representing the station ID (see Table 1). Numbers
in black circles represent location names as used in the text. The temporal distribution of visual and acoustic presence-only data is shown in

Figure 2 and Figure S1.

85UB017 SUOLIWIOD SAFERID) 3[qedtjdde au Ag peueA0b a1 SN YO ‘38N JO S3INJ 10} ARG 1T BUIIUO A3]IM UO (SUORIPUOD-PUR-SWLRILIOD" A3 I ARRIq 1pU1IUO//SANY) SUORIPUOD Pue SWR L 3Ly 885 *[5202/.0/60] U0 ARIqIT8UIIUO A81IM ‘MY BUNUSIOSaIse N N ~kjod S INsu| JeusBom pouyIY Ad 062ET IPP/TTTT OT/I0p/w0d™A8| 1M Aeiqijpu!|uo//sdny Wwoj pepeojumoa ‘T ‘¥20Z ‘TroveLyT



EL-GABBAS ET AL.

1I—Wl || 2A%m Diversity and Distributions

PAM data were recorded by ten moored devices at five sites in
the Weddell Sea and along the Greenwich meridian between March
2008 and November 2013 (59°-69° S and 0°-27°W; see Figures 1
and 2 and Figures S1 and S2; Table 1). The recording devices were
part of the oceanographic deep-sea moorings of the Hybrid Antarctic
Float Observation System (HAFOS; Rettig et al., 2013; Thomisch
et al., 2016). Acoustic recorders of type Sono.Vault (manufactured
by develogic GmbH, Hamburg, Germany; Rettig et al., 2013) or
Autonomous Underwater Recorder for Acoustic Listening (AURAL;
Model 2, manufactured by Multi-Electronique (MTE) Inc., Rimouski,
Quebec, Canada; Simard et al., 2008) were used. Detailed informa-
tion on the recording parameters of the passive acoustic recorders
is shown in Table 1.

Like other blue whale subspecies, ABWs produce two call
types, possibly reflecting different behavioural states (e.g., Barlow
et al., 2023; Oleson, Calambokidis, et al., 2007; Oleson, Wiggins, &
Hildebrand, 2007). Frequency-modulated downsweep calls (FM-
calls; also known as D-calls) are assumed to be produced by all
age and sex classes of blue whales (e.g., Lewis et al., 2018; Oleson,
Calambokidis, et al., 2007), while Z-calls are likely produced only
by adult ABW males (e.g., Oleson, Wiggins, & Hildebrand, 2007).
Therefore, the acoustic presence data inferred from Z-calls may
only represent a subset of the ABW population, possibly leading
to underestimating their acoustic occurrence. However, although
FM-calls may show a broader representation of ABWs distribu-
tion pattern and habitat suitability, estimations of source level and
detection ranges of Antarctic blue whale FM-calls remain scarce
to date. Recently, Miller et al. (2021) provided a source level esti-
mation of 190+5.5dB for ABW FM-calls. In contrast to Z-calls,
ABW FM-calls are highly variable in spectrographic shape and
production. Furthermore, other baleen whale species are known

to produce similar frequency-modulated calls, such as pygmy blue

whales Balaenoptera musculus brevicauda (e.g., Gavrilov et al., 2011),
Antarctic minke whales Balaenoptera bonaerensis (e.g., Dominello
& Sirovi¢, 2016), fin whales Balaenoptera physalus (e.g., Thompson
et al., 1992), or sei whales Balaenoptera borealis (e.g., Calderan
et al., 2014), hence, complicating unambiguous (sub)species assign-
ment for FM-calls. Automated detection methods have therefore
rarely been applied to ABW FM-calls from the SO (but see Miller
et al., 2023 for a very recent approach). Based on the uncertainty in
source level and since detector development was beyond the scope
of this study, we here used Z-calls to model the distribution of ABWs
in the SO.

Z-calls, produced year-round by ABWs, are highly stereotypic,
low-frequency vocalizations, typically composed of three units
within the frequency range of 18-28Hz (Ljungblad et al., 1998;
Rankin et al., 2005). This study used the daily acoustic presence of
ABWSs based on previous automated detections of Z-call vocaliza-
tions as described in detail in Thomisch et al. (2016). ABWs Z-calls
were detected by spectrogram cross-correlation using a pre-defined
spectrogram template (e.g., Mellinger & Clark, 2000) in a frequency
band from 17.5 to 29 Hz, accounting for inter- and intra-annual vari-
ations in the ABW Z-call frequency. The spectrogram correlation
had an estimated average false detection rate of 1%. Received levels
(RLs) were obtained for each detected Z-call, as explained in detail
in the supplement of Thomisch et al. (2016): upper components of
auto-detected Z-calls were extracted from bandpass filtered audio
files (Butterworth filter, passband 25-29 Hz) and the received sound
pressure level SPLg,,. [dB re: 1pPa] within the 25-29 Hz band of
each Z-call event was determined. The 25-29Hz frequency band
features the loudest part of an ABW Z-call.

The low-frequency ABW vocalizations can be detected at
large distances (up to hundreds of kilometres) (Sirovi¢ et al., 2007;

Thomisch et al., 2016). This likely results in a spatial mismatch
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FIGURE 2 Schematic view of the Antarctic blue whale PAM data. Orange areas represent operation periods. We used an RL>109dB
threshold to determine daily acoustic detections. Blue symbols represent days with acoustic presences, grey symbols for days without
acoustic data (e.g., due to device failure) and red symbols for days with no acoustic presences (i.e., maximum daily RL< 109 dB). More details

on the recorders are shown in Table 1 and Figure 1.
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TABLE 1 Locations and recording parameters of passive acoustic recorders deployed within the Hybrid Antarctic Float Observation System (HAFOS) array in the Weddell Sea.

# filtered acoustic

presences

# daily acoustic
presences

Operational

Sampling scheme
([min]/[min])

Deployment Sampling

Deployment period depth [m]

period [months]

freq. [kHz]

Longitude

Latitude

Recorder ID

Station ID

24 63 31

207 32.77 4.5/180

1007
1020

27°07.31' W 12/2010-01/2013

66°36.70' S

AWI209-06 AU0O086
AWI227-11 SV0002

95

82

Continuous

5.33
5.8
5.33
5.33
32.77

00°06.63' E 12/2010-12/2012

00°04.92' E

59°03.02' S

105
47

Continuous

12/2012-12/2014
12/2010-12/2012

59°02.63'S
63°59.56" S
63°59.66' S

AWI227-12 SV1025

70

Continuous

969
969

00°02.65' W

AWI229-09 SV1000
AWI229-10 SV1010

55
19

91

Continuous
5/240

12/2012-12/2014
03/2008-12/2010

00°02.65' W
00°04.77" E
00°03.25' E

120

34
21

189
934
949
206
958

66°01.13' S

AWI230-06 AU0085

Continuous

5.8
5.33
32.77

12/2010-12/2012

66°01.90' S

AWI230-07 SV1001

56

Continuous
5/240

12/2012-12/2014
03/2008-12/2010

00°02.98' E

66°02.12' S
68°59.74' S

AWI230-08 SV1009

38 53

53

34
11

00°00.18' E

AWI232-09 AU0O086
AWI232-11 SV1011

Continuous

5.33

12/2012-12/2014

00° 06.51' W

68°59.86" S

Total: 369

Total: 609

Note: Sampling schemes are listed in terms of sampling duration [min] per sampling interval [min]. The location of the recorders is shown in Figure 1. The last column represents the number of daily acoustic

presences after temporal filtering, see main text for more information.
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between the actual position of calling animals and the recorders,
which can affect the robustness of the models, particularly in the
highly dynamic SO (EI-Gabbas et al., 2021a). Therefore, we filtered
ABW detections to only keep detections that originated from within
a ~10km radius from the recorders, that is, the typical grid cell size of
the environmental predictors. Approximate distances between vo-
calizing ABWs and the respective recorder locations were estimated
assuming a source level of 189dB re: 1pPa over 25-29 Hz (Sirovi¢
et al., 2007) and a spherical transmission loss TL[dB]=20log,(r),
noticing that horizontal distances considered and water depth are
of the same magnitude. Daily acoustic presences were estimated as
days with at least one detection event within a ~10km radius of the
respective recording sites; that is, Z-calls with calculated received
levels of 2 109 dB, considering a nominal TL of 80dB.

In total, 609 daily detections were determined at the five record-
ing sites (Table 1). The temporal distribution of acoustic presences
is shown in Figure 2 and Figure S1. To avoid the effect of temporal
non-independence (temporal autocorrelation) between consecu-
tive daily acoustic presences on the model, we temporally filtered
acoustic presence data from each recording site to a single acoustic
presence event per 3-day interval (resulting in a total of 369 daily
acoustic presences). At each recording site, we split the time series
data into 3-day bins. Then, if more than 1day with acoustic detec-
tions is recorded in a particular bin, we considered this bin as acous-
tic presence and assigned to this presence event the mean value of
all predictors on days with detections. We calibrated exploratory
models to see if the temporal filtering step has a noticeable effect on
predicted HS. HS maps from models that used unfiltered and filtered
data (Figure S3) lacked notable differences and temporally filtered
data were therefore used in the final models.

2.2 | Environmental data
In previous models, we used a combination of static and dynamic pre-
dictors, which both affect the presence of top predator species and
their prey (Stanton et al., 2012; Wyles et al., 2022), to model the distri-
bution of ABWs in the SO using visual sighting data. The effect of static
predictors (depth, distance to coast, slope and distance to 1000 m iso-
bath) is shown in El-Gabbas et al. (2021a, 2021b). However, our PAM
data were collected from five grid cells only, which inevitably ren-
ders the use of static predictors inappropriate (Rayment et al., 2017).
Therefore, we confined the models in this study to dynamic predictors.
We used six daily dynamic predictors from 2003 to 2019. A
detailed description of the predictors used is given in El-Gabbas
et al. (2021a). Three of these predictors were extracted from daily
sea ice data (Spreen et al., 2008), downloaded from https://seaice.
uni-bremen.de/ at 6.25km resolution: sea ice concentration (SIC),
distance to the sea ice edge (SIE) and the lagged SIC variance
throughout the 14 preceding days. Daily sea surface temperature
(SST) was downloaded from JPL MUR MEaSUREs Project (2015) at
0.01° resolution. Daily sea surface height (SSH) data were obtained
from Copernicus (https://copernicus.eu/) at 0.25° resolution. From
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SSH data, we used absolute dynamic topography to represent SSH,
while we calculated the current speed from the zonal and meridian
components of the absolute geostrophic velocity. All daily dynamic
predictors were projected onto a 10x 10km? equal-area grid and
cropped to the study area.

2.3 | Model fitting and evaluation

We considered both visual and acoustic detections as presence-only
data (see the Discussion section for the justification of considering
PAM data as presence-only) and used the presence-only SDM algo-
rithm Maxent (v3.4.4; Phillips et al., 2017). Daily (visual and acoustic)
detections were spatiotemporally matched with dynamic predictors
(Figure S4). Maxent requires, in addition to species detections, suf-
ficiently sampled background information representing the environ-
mental conditions in the study area (Renner et al., 2015). We used
extensive background information from the SO, sampled daily from
2003 to 2019, using seasonally estimated research efforts in the SO
as a probability weight to avoid spatial sampling bias in visual sight-
ings on model performance and inference (EI-Gabbas et al., 2021a;
El-Gabbas & Dormann, 2018). In total, 11.7 million background loca-
tions from the study area were used to run the models.

To explore differences between models that employed ABWs'
visual and PAM detections, we calibrated three sets of models, dif-
ferent on which species data is used and how models were evalu-
visual» PAM data only
(Model,,,,) and a third model that uses both data types together
(Model In Model both visual and PAM data were
treated equally; that is, the daily presence data of either data type

ated on cross-validation: visual data only (Model

combined)' combined’

were pooled together and used as the response variable of the model.

We evaluated model performance using two methods. First, we
implemented the standard ‘internal’ model evaluation using spatially
independent testing data of the same data type. For Model,;, .;, spa-
tial blocks were used for cross-validation, using a block size of 25
cells (i.e., 250x250km?) distributed into four cross-validation folds
while maintaining a balanced number of sightings between folds
(Figure S5). For Model,,,,, we used the site location (Figure 1) for
cross-validation; that is, five-fold cross-validation. The distance be-
tween the five PAM sites ranges between 222 and 1621km, suf-
ficiently large to assume spatial independence between sites, in
particular since we used acoustic presences only within ~10km from

detectors. For Model we used both cross-validation struc-

combined?
tures to fit the models, that is, nine cross-validation folds, four for
the visual part and five for the acoustic part of the data.

Second, to examine whether the complementary nature of visual
and PAM data is also reflected in model outputs and predicted HS,
we estimated the predictive ability of each model type at the pres-
ence locations of the other data type. We refer to this as the ‘external’

evaluation. For Model we calculated testing AUC/TSS (see below)

visual’
by comparing predicted values at the time and location of PAM detec-
tions versus a sample of background locations. Similarly, for Model, 5,

we compared predicted values at the time and location of visual

observations versus a sample of background locations. It is expected
that values for external model evaluation will be smaller than for in-
ternal evaluation because of discrepancies between both data types
(more details in the Discussion section). However, our motivation for
using external model evaluation here is to show the complementarity
of both data types and to test the potential limitation of SDMs using
visual sightings data to predict vocalizing individuals and vice versa.

Model performance was evaluated using two metrics: the area
under the ROC curve (AUC) and true skill statistics (TSS). We used
the threshold that maximizes the sum of testing sensitivity and spec-
ificity to calculate TSS (Liu et al., 2013). AUC values range between
0 and 1, while TSS values range between -1 and 1 (higher values
represent better models for both metrics). Since the estimation of
model performance can be sensitive to the number of testing pres-
ences or the prevalence of testing data (ratio between the number
of testing presences and background locations) (Lobo et al., 2008;
Sofaer et al., 2019), we maintained a test-data prevalence of 1:100
to ensure the validity of comparisons between models (EI-Gabbas
& Dormann, 2018). We repeated this step 1000 times to average
stochastic effects, each with a different sample of background lo-
cations. We plotted the raw evaluation values distribution in the
Appendix S1 and reported mean values in the main text.

For each of the three model types, we predicted mean daily HS
between 2003 and 2019, weighted by the respective mean cross-val-
idated testing AUC. In the Appendix S1, we present daily HS maps
on the 15th day of each month in 2013 (Figure Sé). Daily HS maps
were converted into animated videos to show how HS changes over
time. To find out how the daily HS of the three model types overlap
spatially, we estimated their daily congruence using three metrics:
Schoener's D, Warren's | (Warren et al., 2008) and Pearson's correla-
tion coefficient. Further, we overlay monthly suitable habitats using
the three model types (more information on how monthly suitable
habitats were determined is given in the figure caption to Figure S7).
We compare the results of the three models to the dynamic mod-
els of El-Gabbas et al. (2021a), which used circumpolar ABWs' visual
sightings and both static and dynamic predictors. Further, we ex-
tracted the predictors' permutation importance and single/marginal
response curves for each model type. Marginal response curves
show how predicted HS changes as each environmental variable is
varied while other variables are fixed at their average sample value.
As marginal response curves can be sensitive to the value at which
other variables are fixed (ElI-Gabbas et al., 2021b), we also show the

pairwise interactive effect of predictors on the predicted HS.

3 | RESULTS

The vast majority of ABW visual sightings were made between
December to mid-February, with only a single sighting in late
February, two in March, one in April and two in November. Acoustic
data showed a much broader temporal coverage of ABWs detec-
tions (Figure S1). There are gaps in acoustic data from August to
mid-December at the two northmost sites (AWI227 and AWI229)
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due to instrument failure (Figures 1 and 2 and Figures S1 and S2).
Most of the ABW acoustic detections at the southernmost recording
site (AWI232) were from January to March, with only sporadic de-
tections in other months, while at the Weddell Basin site (AWI1209),
detections were made mainly from the end of February to mid-April.
Using visual and PAM data has resulted in complementary patterns

of habitat suitability and low spatial overlap between their daily

February

September October

Coierity o pistiburons EYVTRSVEE

predictions, while Model,,,, and Model highly overlapped

combined
(Figures 3 and 4 and Figure S11). Internal model evaluation of the
three models (cross-validation using spatially independent data
of the same type) was generally high (mean testing AUC ranged
from 0.77 to 0.92; Table 2 and Figure S12), with Model

higher values than the other two model types. Using the northern-

having

visual

most recording site (AWI227; Figure 1) to cross-validate Model,

High
. suitability

Low
suitability

November

High
- suitability

Low
suitability

November December

FIGURE 3 Monthly summary of predicted habitat suitability of Antarctic blue whales of the four model types implemented. Each

map shows the 90th quantile of daily predicted habitat suitability in the respective month and model type from 2003 to 2019. White
circles indicate the location of PAM recorders. These circles are filled with white color if there is any acoustic presence in the respective
month. Black symbols show visual sightings in the respective month. Biweekly summary maps are shown in Figure S8. Examples of daily
habitat suitability maps on the 15th day of each month in 2013 are shown in Figure Sé. (a) Model, ., (only dynamic predictors; this study).
(b) Previous visual data models: Circumpolar models, with both static and dynamic predictors (EI-Gabbas et al. 2021a). (c) Model, .

(d) Model

combined*
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FIGURE 3 (Continued)

resulted in much lower evaluation values than for the other sites
(Figure S12b). Contrastingly, external model evaluation (i.e., using
one data type to evaluate models run on the other data type) was
lower for both model types: 0.64+0.02 for Model,,,, (using PAM
data to run the models, visual data for evaluation) and 0.62+0.03
for Model
evaluation; Table 2 and Figure S13).

visual (Using visual data to run those models, PAM data for

Animated videos for daily HS of the three model types are avail-
able in El-Gabbas et al. (2023). We mainly refer to these daily maps
when describing the year-round patterns of ABW's HS. However, for
the readers' convenience, the monthly and biweekly patterns of HS are
shown in Figure 3 and Figure S8. Generally, Model ;. ., predicted high
HS near the SIE. A moderate HS was predicted at northern parts of

High
. suitability

Low
suitability

November December

High
. suitability

Low
suitabilty

November December

the study area (ca. 55-62°S) between June to August, peaking there-
after between September and November. From the end of November
to February, HS intensifies and gradually shifts southwards, following
the SIE retreat. In January-March, HS reaches its southernmost limit,
being confined near the Antarctic coast, particularly in mid-February
(30°W-30°E). From March to June, models generally predicted low
HS, but locations near the SIE sporadically had moderate HS. The area
off the Antarctic Peninsula (AP) eastwards over the South Scotia Ridge
to the South Sandwich Islands was predicted with moderate-to-high
HS near year-round, particularly from September to May.

Model,,\, predicted a broader pattern of HS. HS extended
southwards between November and mid-March and then re-
tracted northwards from April to July. Although this generally
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FIGURE 4 Spatial overlap (Warren's | metric; Warren et al., 2008) between daily mean predicted habitat suitability of the three model

types. Blue dots represent daily overlap values between Model
& Model

visual

combined*

& Model
Black lines show the mean overlap value of the respective model combination for each calendar day. Warren's | value ranges

pam Fed for Model ;. . & Model .. .; and grey for Modelp,,

from zero for no overlap to one for complete overlap. For similar results using Schoener's D metric and Pearson's correlation coefficient, see

Figure S11.

TABLE 2 Model evaluation results.

Visual-data models

Cross-validation External,,

Testing AUC
Testing TSS

0.92+0.02
0.75+0.02

0.62+0.03
0.22+0.1

PAM-data models

Combined-data models

Cross-validation Externaly, ., Cross-validation
0.78+0.15 0.64+0.02 0.77+0.11
0.52+0.29 0.34+0.03 0.53+0.12

Note: This table shows values of mean testing AUC and TSS, either on cross-validation (internal model evaluation) or using one data type to evaluate
models that used another (external model evaluation; Externalp, and ExternaIVisuaI). AUC values range between 0 and 1, while TSS values range
between -1 and 1. Histograms for raw evaluation data are shown in Figures S12 and S13.

follows changes in the location of the SIE, high HS areas were not
confined to near the SIE: they extend up to tens of kilometres on
both sides and hundreds of kilometres north of the SIE in open
water. Modelg,,, predicted low HS in areas close to the Antarctic
coast. From August to October, moderate-to-high HS was confined
to a small patch (20°E 57°S, almost halfway between Antarctica
and Africa). The area from the AP eastwards to the South Sandwich
Islands was predicted with low-to-moderate HS, except sporadi-
cally between mid-November and December. In this area, HS is
generally lower than Model

Model g pine
HS than the other two model types, covering high HS areas of both

visual*
4 showed significantly broader and more intense

Model,, ., and Modelg,,,. Generally, the three models predicted
year-round low HS at the north of the sbACC and in the southern
part of the Weddell Sea, except off the Brunt Ice Shelf (Figures 1

and 3) near 30°W in January and February, even in areas located
south of the SIE.

For all models, the most important predictors were SSH, SST and
distance to the SIE; however, some variation exists between model
types (Figure 5). Response curves are shown in Figure 6 and Figures S9
and $10. Models predicted low HS at high SIC values; however, using
PAM data in Model,,\, and Model__ .. ., indicated higher suitability

at high SIC values as compared to Model Areas close to the SIE

visual®
were predicted with high suitability in all models; however, Model
and Model ..., show high suitability closer to the SIE as compared
to Model,,,,. Yet, using PAM data identified high HS at two other

values of distance to the SIE: at ca. 1000km north and south of the

visual

SIE. Lagged sea ice variance showed no pronounced effect, except for
Model,,, Which predicted low HS at high values. Peak HS was pre-
dicted at SST values from -1.5°C to 1.5°C; -1.4 to -1.2m for SSH.
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FIGURE 5 Permutation importance of predictors used to model the distribution of Antarctic blue whales. Bars represent the mean
predictor importance on cross-validation, with different colours for each model type. Red error bars show the standard deviation of the
importance of the respective model. The ‘x’ symbols represent cross-validated raw permutation importance.

4 | DISCUSSION

4.1 | Spatiotemporal distribution of ABWs in the
Weddell Sea

This study used presence-only SDMs to predict the spatiotempo-
ral distribution of ABWs in the Weddell Sea, using both visual and
acoustic data. Our results show that this is a promising approach
to improve our understanding and direct future research for elusive
species such as ABWs. Our models predicted a low-to-moderate HS
for ABWs in the northern part of the study area between June and
September. From November to March, areas with high HS extended
southwards following the sea ice retreat. From April to July, the
area of high ABW HS retracted northwards in response to heavy
sea ice formation. Although this overall temporal pattern of shifting
HS holds for Model,,,, and Model areas identified with high HS
were different using either dataset.

For Model
Sandwich Islands has a near year-round moderate-to-high HS. This

visual’

Jisua the area from the AP eastwards to the South
area overlaps with the location of the sbACC, southern Antarctic
Circumpolar Current Front, the annual location of the SIE and (par-
tially with) the continental shelf break (Figures 1 and 3). These
oceanographic and bathymetric features are characterized by
high seasonal primary productivity and Antarctic krill abundance
(Euphausia superba, the main prey for ABWs), representing important

habitats for many marine mammal and seabird species (Cuzin-Roudy
et al., 2014; Hofmann et al., 2004; Miller, Calderan, et al., 2019;
Siegel, 2005; Thomas & Green, 1988; Tynan, 1998). The continen-
tal shelf break is an important predictor for ABWs in the SO, with
high ABW HS and large numbers of Z-calls close to it (EI-Gabbas
et al., 2021a; Miller, Calderan, et al., 2019). This highly suitable area,
up to South Georgia, is considered an important ABW feeding area
during summer (Wiedenmann et al., 2011) and was the primary lo-
cation of ABW commercial whaling (Branch, Stafford, et al., 2007,
Kemp & Bennett, 1932; Leaper & Miller, 2011; Risting, 1928).
Historic catch data reported a year-round presence of ABWs off
South Georgia (Harmer, 1931; Hinton, 1915; Risting, 1928), but
locally, ABWs have reached near extinction from the area during
the whaling era. However, recent studies suggest that ABWs have
started to return to South Georgia, with some recent sightings from
the area (Calderan et al., 2020). Although our models did not predict
high HS close to South Georgia, probably due to the lack of recent
sightings from this area, our results suggest that the area off the AP
to the south of South Georgia is important for ABWs. More sighting
(or PAM) effort off South Georgia is needed to improve future mod-
els' predictability in this area.

Furthermore, other studies showed a year-round acoustic
presence of ABWs from the WAP area (Sirovi¢ et al., 2004), while
Modelp,,, did not predict a consistently high HS for this area. This
contrasting finding can be due to the lack of acoustic data from
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FIGURE 6 Marginal response curves for Antarctic blue whale models. To create these plots, all predictors were used to run the models
and then each predictor's response curve was drawn by fixing all other predictors at their mean value at training presences. Lines and
shaded areas represent the mean and standard deviation of response curves on cross-validation, with a different colour for each model type.
In each plot, the top rugs show the spatiotemporally matched conditions at species detections (visual sighting in blue, PAM data in red), while
the bottom green rug shows values at a sample of background locations from the Weddell Sea (10% of background information used to run
the models). Environmental values at PAM detections, grouped by the location of the acoustic stations, are shown in Figure S4. See also
Figure S9 for single variable response curves and Figure S10 for summary values of predicted habitat suitability in the environmental space

of pairwise predictors.

the WAP area in this study. Model, ;. ., predicted high HS near the
Antarctic coast between December and March (30°W-30°E),
highly overlapping with the location of the continental shelf break,
coastal polynyas in December and the SIE during those months
(Figure 1 and Figures S14 and S15). In previous studies, distance to
the coast was shown to be a significant predictor for the distribu-
tion of ABWs in the SO, with high HS close to the Antarctic coast
(EI-Gabbas et al., 2021a; Shabangu et al., 2017). We excluded static
predictors (e.g., distance to coast and distance to continental shelf
break) in this study to allow valid comparisons between Model,\,
and Model .., which led to a broadening of HS (Figure 3a,b) (El-
Gabbas et al., 2021a). The predictions from both models show high
spatial overlap in HS (Figure S16). Model,,,, predicted a broader
HS pattern than Model
Weddell Gyre. The Weddell Gyre supports the presence of large krill

visual OVerlapping with the location of the
populations in much higher concentrations than in other sectors of
the SO (Laws, 1985). Interestingly, in the Atlantic sector of the SO,
the sbACC was predicted to be the northern limit of high HS area
for all models. This strongly agrees with information from visual
and catch data (Branch, Stafford, et al., 2007; Calderan et al., 2020;
Tynan, 1998) as well as PAM studies (Shabangu et al., 2017; Sirovi¢
et al., 2009). The sbACC has a critical ecological function in the SO

ecosystem, influencing the distribution of many cetacean species,
with areas close to it being seasonally associated with high primary
production and krill abundance (Matsuoka et al., 2003; Tynan, 1998).
Nevertheless, our (visual and acoustic) detections are limited to the
south of the sbACC, resulting in low HS north of it. Available environ-
mental data show that the area north of the sbACC is almost always
ice-free (Figure S15) and exhibits environmental conditions different
from those occurring at acoustic recorder sites (Figure S17). While
it is plausible to assume ABWs' presence north of the sbACC during
their migration, the lack of ABW detections associated with environ-
mental conditions similar to those occurring in this area is likely to
have resulted in low HS there.

Patterns of HS in this study support the general migration par-
adigm of ABWs between the highly productive high-latitude feed-
ing grounds during austral summer and the low-latitude breeding
grounds during austral winter (Branch, Stafford, et al., 2007; Miller
et al., 2014). However, the near year-round acoustic presence
(Figure 2) and predicted high HS in some areas (e.g., WAP area east-
wards, Figure 3) also support that migration may not be obligatory.
ABW migration is likely to include either partial or differential migra-
tion or a mixture of both, instead of an obligate complete migration
of all individuals (Thomisch, 2017).
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Although historical catches extended to areas north of the
SIE, recent visual encounters, after the near complete extirpa-
tion of ABWs during commercial whaling, were confined mainly
close to the SIE (Branch et al., 2004; Branch, Stafford, et al., 2007;
Horwood, 1986; Leaper & Miller, 2011; Risting, 1928). It is well rec-
ognized that areas near the SIE are highly productive and rich in krill
(Miller, Potts, et al., 2019; Paarman et al., 2021). Model, ., predicted
high HS near the SIE following sea ice expansion or retreat. Visual
sightings of cetaceans from the SO are largely limited to near the
SIE due to ship navigational constraints (Scheidat et al., 2011) posed
by the presence of sea ice farther south. This spatial bias, as evident
in the distribution of sightings in environmental space (Figure S4d),
restricts Model, . ./'s ability to predict high HS south of the SIE and
potentially reflects incomplete (truncated) species-environment re-
lationships. In contrast, ABWs' PAM data show a broader range of
environmental conditions, from south of the SIE and at higher values
of SIC (Figure S4a,b). In addition to near the SIE, Model,, predicted
high HS also at large distances on both sides of the SIE (Figure 6).

Model,;,,
tween ABWSs' HS and SIC (Figure 6). This conforms to informa-
tion from previous studies (El-Gabbas et al., 2021a, 2021b; Sirovi¢
et al., 2004; Sirovi¢ & Hildebrand, 2011). However, ABWs were de-
tected acoustically at high SIC values, which is also reflected in the

, and Model,,,, showed a negative relationship be-

relatively higher HS at high SIC values (Figures 6 and S4; Thomisch
et al., 2016). ABWs appear to venture into the pack ice during sum-
mer and have been observed in areas with heavy sea ice cover
(Branch, 2007; Branch et al., 2004; Double et al., 2015; Ruud, 1956;
Slijper, 1962). In line with these observations, our models suggest
that ABWs show some degree of tolerance to sea ice. Local coastal
polynyas south of the SIE may support baleen whale species with
food and access to the sea surface for breathing, enabling them to
overwinter in the SO and occupy areas largely covered by heavy ice
(Van Opzeeland et al., 2013). Our estimation of the SIE indicates the
existence of recurrent polynyas off Brunt, Filchner and Ronne Ice
Shelves from November to March; almost year-round off the AP,
and off Maud Rise from September to December and in May and
June (Figure S14). Model,,,,, predicted high HS off the Maud Rise
area from December to June (Figure 3). Upwelling, large swarms of
krill and recurrent polynyas off Maud Rise back the ecological im-
portance of this area as ABW habitat, also during winter (Paarman
et al., 2021; Shabangu et al., 2020). Nevertheless, the actual occu-
pation of these polynyas by the massive-bodied ABWs requires final
confirmation.

Notwithstanding the evident effect of SIE and SIC on the pre-
dicted HS of ABWs, models nevertheless identified SST and SSH as
the two most important predictors (Figure 5). Both predictors were
important for ABWs call occurrence (Shabangu et al., 2017). Our
models predicted a peak HS at SST values from -1.5°C to +1.5°C,
although visual sightings were also made up to 3°C (Figure 6 and
Figure S4d). This strongly agrees with other studies south of the Polar
Front, using acoustic (Shabangu et al., 2017) and visual (Kasamatsu
etal., 1988, 2000) data. At low SST (-2°C to -1.5°C), Model,; ., pre-
dicted much lower HS than Model,,,, reflecting the unavailability

of visual sightings at SST<-1.5°C. High HS areas (and the most of
ABWs' visual and acoustic detections) were predicted at SSH values
between -1.5 and -1.1m (Figure 6), which agrees with the results
of Shabangu et al. (2017). The habitat preference of ABWs to this
range of SSH may explain the low HS north of sbhACC and off South
Georgia which are characterized by SSH values>-1.1m (Figure 3
and Figures S17 and S18). The location of eddies and fronts in the
SO is strongly connected to specific values of SSH, which can highly
affect primary production and the distribution and abundance of
prey (Shabangu et al., 2017).

4.2 | Differences between models based on visual
versus acoustic data

Our results showed that visual and PAM data show a complementary
picture of the spatiotemporal distribution and habitat of ABWs: each
data type has its pros and cons. This discrepancy was evident in the
low spatial overlap between daily HS maps and some (albeit small)
differences in the estimated environmental relationships (Figures 3,5
and 6). To quantitatively compare models that use either data type, it
would be important to standardize research efforts, for example, by
simultaneously collecting visual and acoustic data (e.g., using towed
hydrophones) from the same platform (Dalpaz et al., 2021; Fleming
etal.,, 2018; Miller et al., 2015). However, it is hard, if not impossible,
to standardize long-term visual and PAM research efforts through-
out the vast SO. Although differences between the outputs of both
models can be due to differences in sample size and research efforts,
our motivation for comparing Model ;. ,, and Model,, is to high-
light differences between both data types, particularly in the remote
SO. By exploring the role passive acoustic data can play in SDMs,
we aim to improve our understanding of the distribution of ABWs.

Internal model evaluation via cross-validation (using spatially in-
dependent data of the same type) was generally high: mean testing
AUC ranged from 0.77 to 0.92 (Table 2 and Figures S12 and S13).
This reflects that models were reliable at predicting ABWs' habitat
suitability at spatially independent presence locations of the same
data type. By contrast, external model evaluation (evaluating model
performance using the other data type) was lower than internal eval-
uation for both data types (mean testing AUC ranged from 0.62 to
0.64; Table 2 and Figures S12 and S13). In other words, a model using
one data type has a lower ability to predict high HS at the presence
locations of the other data type. The overall lower external eval-
uation values of both model types indicate that both data types
are complementary and may reflect different behavioural states of
ABWs in the SO. This suggests that using either visual or PAM data
alone may be insufficient to predict the spatiotemporal distribution
of vocalizing baleen whales year-round.

Although visual data may show more extensive spatial cover-
age, the elusiveness, rarity, wide circumpolar distribution and low
detectability of ABWs and the seasonal existence of heavy sea ice
impede the efficient use of visual data to monitor ABWs' year-round
distribution (Shabangu et al., 2020; Thomisch et al., 2016). During
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the 32years of IDCR-SOWER programmes in the SO (totalling
4112days and 216,000nm transect lines), visual sightings surveys
resulted in only 216 individual encounters (Leroy et al., 2016; Miller
et al., 2015). Further, distinguishing blue whale subspecies is diffi-
cult in the field: ABWs and pygmy blue whales (PBWs; B.m. brevi-
cauda) look almost identical and it is difficult to distinguish the
shorter PBWs from ABW during distant sightings (Branch, Abubaker,
et al., 2007; Ichihara, 1966; Samaran et al., 2010; Torterotot
et al., 2020). Admittedly, this may be more problematic at low lat-
itudes, since PBWs are present mainly in the Indian Ocean and the
western part of the south Pacific sectors of the SO, while at high
latitudes (south of 52°S), PBWs constitute only <1% of blue whales
(Branch, Abubaker, et al., 2007). However, in contrast to their similar
appearance, both subspecies differ in their vocal behaviour, and the
stereotypic Z-calls of ABWSs can be easily detected, giving an advan-
tage use of PAM to reliably detect and monitor ABWs distribution.
Acoustic data covers a broader range of environmental condi-
tions compared to visual data (Figure S4) and their use in Model,,,,,
led to a broader pattern of HS. Nevertheless, Model,,,, did not
consistently predict high HS in some areas predicted suitable by
Model
conditions outside the range at acoustic detections (e.g., higher SST

Jisualr S0Me visual sightings were observed in environmental
and SSH, Figure S17), which can explain the discrepancy between
both model types. A possible reason is that our PAM sites are not
evenly distributed in the study area but are located mainly along the
Greenwich meridian. Available environmental data suggests that the
area off the AP eastwards exhibits environmental conditions beyond
the values at acoustic presences (for SST, SSH and current speed;
Figures S17 and $18), which may also explain the low HS off South
Georgia. Despite the added value of PAM versus visual data, as dis-
cussed above, the use of PAM data for HS modelling in general faces
some caveats summarized later on.

In summary, differences in the patterns of predicted habitat suit-
ability from models employing visual versus PAM data can be driven
by multiple factors. The data used in the models is subject to differ-
ent causes of biases and marine mammal behavioural states. For ex-
ample, visual surveys strictly rely on the availability of animals at the
sea surface during daylight hours and fair-weather conditions (often
leading to spatiotemporal biases towards summer months and areas
with little to no sea ice so ships can access). On the contrary, PAM can
operate year-round for extended time periods, but is generally limited
to a few recording sites. PAM data only represents calling individuals
within the (species-specific) detection range of the site: here, Z-calls
presumably represent adult male ABWs calling in specific behavioural
states (see next section). Such differences between both data types
are also reflected in differences in the amount of available data and
values of environmental conditions in the n-dimensional space at pres-
ence data. For example, ABW PAM detections occur across a broader
range of (higher) SIC and distance to SIC compared to visual data; see
Figures S4 and S10 for a comparison of values for all predictors).

Such discrepancy between data types and model results should
be considered with caution while interpreting patterns of habitat
suitability. This is particularly important when studying rare and

Coierit i itibutions EYMTR VR

critically endangered taxa like the ABWs. Since there is no superior
data type, we strongly recommend carefully comparing patterns
of predicted habitat suitability using both visual and PAM data in
isolation. Further, integrating visual and PAM data in a single SDM
is advisable to overcome biases and provide a more holistic under-
standing of a species' spatiotemporal distribution patterns.

4.3 | Challenges of PAM-based SDMs

1. PAM is presence-only data: Acoustic detections only provide
information on the physical presence of calling individuals within
the detection range of the acoustic device; that is, they cannot
be used to infer the physical absence of baleen whales, as
the animal can be present near the detector but not vocalizing
(Letsheleha et al., 2022; Moore et al., 2011; Sirovi¢ et al., 2009;
Sirovi¢ & Hildebrand, 2011) or vocalizing but outside the de-
vice's detection range. For species that use echolocation for
navigation and foraging (e.g., odontocetes), acoustic detections
can be used as a much more reliable indicator of their physical
presence since the production of these signals are produced
by all age classes and sexes throughout the year (Soldevilla
et al., 2010). However, even sperm whales were observed to
remain silent for hours while visually observed on the sea
surface (Dalpaz et al., 2021). For species that use sound in
behavioural contexts that are more season-specific (e.g., songs
produced by baleen whales), the detectability of the physical
presence of these animals is inevitably imperfect (Rayment
et al., 2017). Further aspects affect acoustic detectability; for
example, call production and propagation conditions can vary in
time and space, the ability to reliably detect acoustic presence
can be subject to changing background noise levels and vocal
behaviour can be highly dependent on species' behavioural con-
texts. For the target species of this study, Sirovi¢ et al. (2009)
reported the absence of ABW calls at four circumantarctic
locations in December and January, although historical catches
and recent sightings peak during this period, probably imply-
ing that, although ABW Z-calls are produced year-round, calls
may be produced in certain behavioural states (e.g., swim-
ming, but silent while feeding) (Sirovi¢ et al., 2009; Sirovi¢ &
Hildebrand, 2011). Z-calls are presumed to be produced only
by adult males for reproductive display (Attard et al., 2016);
therefore, the physical presence of females and juvenile males
cannot be detected by Z-calls. Furthermore, determination of
the number of calling animals, necessary for abundance estima-
tions, is challenging based on PAM data; that is, whether the
detected high vocalizations represent single/few animals calling
a lot or many animals calling sporadically (Dalpaz et al., 2021,
Rayment et al., 2017; Sirovi¢ & Hildebrand, 2011). Hence, PAM
data appears compatible only with presence-only SDMs.

2. Species identification: For the majority of marine mammal species,
the vocal repertoire has been described (Rankin et al., 2005) and
many feature unique (with regard to species) and comprehensive
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(with regard to seasonal and contextual coverage) vocalizations.
Nevertheless, for some species, not all calls are equally suitable
to be included in SDMs. Some call types may occur in rare be-
havioural contexts (Klinck et al., 2010) only, or may have strong
similarities to the calls produced by other species, such as the FM
call in baleen whale species (Rankin et al., 2005; Thomisch, 2017).
Here, we use Z-calls, which can be easily detected automati-
cally and unambiguously assigned to ABWSs. However, male
and female ABWs as well as fin and humpback (Megaptera no-
vaeangliae) whales also produce low-frequency FM calls for so-
cial interactions and feeding (Baumgartner & Fratantoni, 2008;
Darling, 2015; Dominello & Sirovi¢, 2016; Gavrilov et al., 2011;
Rankin et al., 2005; Thomisch, 2017). Therefore, target calls for
constructing species-specific SDMs need to be selected with care
so that detections are not contaminated by presence information
from other species.

. Environmental mismatching: In this study, we used a pre-defined
sound pressure threshold to exclude detections for animals call-
ing at larger distances from the recording sites. Although this step
has resulted in discarding many days as acoustic presences (i.e.,
yielding a smaller sample size representing a more confined range
of environmental conditions), this step was essential to avoid a
spatial mismatch between the location of the calling animals and
the highly dynamic environmental conditions in the study area.
For example, using a RL threshold of 100dB (~28 km radius) led to
matching ABWs' daily detections to much higher values of the SIC
and from locations far south of the SIE (Figure S19); such info that
can highly affect the model inferences. Thus, it is strongly recom-
mended to ensure spatial matching between acoustic detections
and environmental conditions, particularly in highly dynamic or
heterogeneous environments and for low-frequency calls that
can propagate for hundreds of kilometres.

. Spatial independence: It is important to identify the occurrence of
identical calls recorded concurrently at different recording sites.
Neglecting this aspect may result in detecting the same call at more
than one recording site, leading to a spurious increase in sample
size and ambiguities regarding the environmental conditions as-
sociated with acoustic presences. Using a minimum received level
criterion of 109dB re 1pPa to filter daily detections to only keep
ABW detections within ~10km from the recording site (motivated
by reasons given in point #3) prevented duplicated detections of
the same call at two or more recorders (recorder sites are spaced by
>100km). We strongly recommend maintaining spatial independ-
ence between temporally overlapping calls at different recording
sites when used in SDMs, particularly for low-frequency calls prop-
agating over long distances (Sirovi¢ & Hildebrand, 2011).

. Temporal independence: Temporal independence between con-
secutive acoustic detections should be considered before used in
the models. When the calling animal remains present within the
accepted detection range of the acoustic site (as defined by an RL
threshold) for long times (e.g., during situations with favourable
environmental conditions, availability of plenty of prey or lack of
competitors or predators), the same individual may be detected

day after day for extended periods of time, which violates the in-
dependence assumption of statistical models (Gibb et al., 2019).
Temporal dependence is more prominent in low-frequency calls
with lower TL than mid- and particularly high-frequency vocaliza-
tions. While this bias is somewhat remedied by only including calls
produced near the recorders, as implemented here through the
applied RL threshold, temporal dependence of callers prevailing in
the resulting 10km radius is overcome by implementing temporal
filtering (e.g., we kept a single detection in each 3-day interval).
This may increase temporal independence between daily detec-
tions unless the calling individual is persistent within a 10km ra-
dius from the site for long time periods.

6. Spatial coverage: Due to the significant operational costs and lo-
gistic challenges linked to the deployment and recovery of instru-
ments in the deep sea and remote areas (Rayment et al., 2017),
the spatial coverage of PAM is mostly limited to a few, and often
opportunistically chosen, recording sites (Brookes et al., 2013;
Frasier et al., 2021) by piggy-backing onto moorings address-
ing other research foci. Ignoring an optimized sampling strategy
that samples different strata equally well, however, might intro-
duce biases into the habitat model results. In this study, for ex-
ample, we only had access to PAM data from five sites near the
Greenwich meridian with a focus on the less-explored southern
parts of the study area, which may have resulted in low HS suita-
bility in the northern parts of the study area. This is evident in the
model evaluation: using the northernmost site (AWI1227; Figure 1)
to cross-validate Modelp,,, led to lower performance, suggesting
that this site represents environmental conditions different from
other recording sites (Figure $12). Further, the availability of data
only from a few sites (as in our case) disallows the efficient use
of static predictors in the models, which can be either directly or
indirectly important for the species. Other PAM data from the
Weddell Sea and off the AP exist but have not been processed yet
(see Figure 1 in Thomisch et al., 2016). Integrating PAM data from
widely spaced recorders in the SO in future SDMs, for example,
the collaborative SOHN network (Southern Ocean Hydrophone
Network; van Opzeeland et al., 2014), will be paramount to im-
proving our understanding of the spatiotemporal distribution of
ABWs in the SO.

4.4 | Combining visual and PAM data in SDMs

Combining the complementary visual and acoustic data is promising
for monitoring the year-round distribution and trends of ABWs in
the SO (Calderan et al., 2020; Miller, Potts, et al., 2019). This ap-
proach increases the sample size and maximizes the use of available
information, thus covering broad behavioural aspects of the ceta-
cean community and a greater range of environmental conditions
that better capture the full realized niche of the species (Dalpaz
et al., 2021; Fleming et al., 2018). Integrating both data types for
ABWs in a single set of SDMs leverages the relatively broader spa-
tial coverage of visual data and the broader temporal/environmental
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coverage of acoustic data. Model ..., predicted high HS at areas
highly suitable in both Model

It is important to note, however, that simple data pooling, as

visual @Nd Model,,,., (Figure 3).
implemented here, does not explicitly factor in the differences be-
tween the two data types (Fletcher Jr. et al., 2019; Isaac et al., 2020).
As a simple alternative to data pooling, independent models, each
using one data type, could be run and then combine or average pre-
dictions (Fletcher Jr. et al., 2019). Further, one data source could be
used as ancillary information for the other; for example, using infor-
mation from one data source as a prior in a Bayesian framework or
using predictions from a model using one data type as a predictor
for the second (Fletcher Jr. et al., 2019; Merow et al., 2016; Miller,
Pacifici, et al., 2019). However, the sample size and research efforts
of visual and acoustic data of baleen whales, particularly from polar
areas, are not consistent. While visual surveys span a greater geo-
graphic area and range of static environmental predictors, acoustic
data has a larger sample size and broader temporal coverage (i.e.,
is less temporally biased). This can result in PAM data dominating
the results of the SDMs (Simmonds et al., 2020; Zipkin et al., 2021).
Such dominance of PAM data might be the cause of the noticeable
high spatial overlap between Model _, ..., and Modelg,,,. In future
studies, we suggest balancing the number of visual and PAM pres-
ences used in the models. This can be done, for example, by ran-
domly sampling the more frequent data source (here PAM) to obtain
a balanced number of observations for both data types. This needs
to be repeated many times to average stochastic effects. However,
this can be challenging for large-scale studies as the data used in the
model can be huge. For example, there are a total of ~11.7 million
background information used in this study, resulting in high memory
demand and long running time of the models even on high-perfor-
mance computers.

Recent advances in SDMs have focused on integrating differ-
ent data sources in integrated distribution models (IDMs) (Fletcher
Jr. et al., 2019; Pacifici et al., 2017). IDMs acknowledge that data
were collected using different protocols, sampling efforts and spa-
tiotemporal biases, thus increasing the models' predictive accuracy
(Fletcher Jr. et al., 2019; Simmonds et al., 2020). IDMs leverage
the advantages and minimize the drawbacks of each data source.
Further, they were shown to outperform independent models and
yield a better understanding of the ecological processes of inter-
est (Isaac et al., 2020; Simmonds et al., 2020; Zipkin et al., 2019).
In future applications, we would choose IDMs that combine visual
and acoustic data of baleen whales to consider uncertainties in each

data source.
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