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ARTICLE INFO ABSTRACT

Keywords: Blooms of filamentous cyanobacteria regularly occur in the Baltic Sea during warm summer months. These
Multi-realm blooms can be toxic and interfere with recreational activities. However, the underlying drivers of these events
Cyanobacteria and how their distribution might change in response to future climate conditions remain poorly understood. To
Environmental change . . . . . . . .

Prediction investigate this, we applied a multi-realm modeling approach that integrates environmental data from both

marine and terrestrial systems, combined with climate projections, to predict future filamentous and nitrogen-
fixing cyanobacterial distribution along Sweden’s Baltic Sea coast. Our models identified several key factors
significantly influencing bloom distribution: terrestrial temperature, precipitation during the wettest quarter, sea
surface temperature, nitrate levels, and interactions between land-based and marine environmental variables.
Our projections suggest an expansion of filamentous cyanobacteria in the northern Baltic Proper, Bothnian Sea,
Bothnian Bay, and Arkona Basin driven by rising land temperatures by 2070, increasing sea surface temperatures
by 2100, and declining salinity in specific basins. Overall, the results demonstrate that incorporating environ-
mental data from both land and sea improves predictions of cyanobacterial distribution in coastal Baltic Sea
regions. This multi-realm modeling strategy may also prove valuable for forecasting and managing harmful
cyanobacterial blooms in other coastal areas experiencing similar environmental challenges.

Species distribution modeling
Omission rate

1. Introduction coastal Baltic Sea is not entirely understood.

Three key taxa of filamentous diazotrophic cyanobacteria in the

Areas of dense accumulation of filamentous nitrogen-fixing cyano-
bacteria, so-called blooms, regularly occur during the summertime at
the water surface of the Baltic Sea (Kahru et al., 2020). These blooms
may influence biogeochemical dynamics, and the cyanotoxins they
produce may negatively affect some aquatic organisms and human
recreational activities (Munkes et al., 2021; Paerl et al., 2018). The
ongoing and predicted future warming (Meier et al., 2022), along with
increased occurrences of these filamentous cyanobacteria, have there-
fore raised both scientific and societal concerns (Deutsch et al., 2007;
Helcom, 2018; Kownacka et al., 2022; Munkes et al., 2021; Viitasalo and
Bonsdorff, 2022; Wasmund et al., 2013). However, the extent to which
environmental and climate changes may influence the future occurrence
and abundance of filamentous nitrogen-fixing cyanobacteria in the

Baltic Sea; Nodularia spumigena, Aphanizomenon sp., and Dolichospermum
spp., are known to occupy distinct ecological niches (Klawonn et al.,
2016; Olofsson et al., 2020b). N. spumigena dominates the Baltic Proper,
but salinity levels in the Bothnian Sea are below its preferred range
(Cegtowska et al., 2018; Olofsson et al., 2020b; Wasmund et al., 2013).
Dolichospermum spp. is less common but occurs throughout the Baltic
Sea (Fewer et al., 2009; Halinen et al., 2008). Aphanizomenon sp. has the
broadest niche, appearing early in the summer and extending deeper
into the water column (Klawonn et al., 2016). There has been a recent
increase in the Bothnian Sea observed using 40 years of monitoring data
(Olofsson et al., 2020b). Cyanobacteria can produce a wide array of
toxins, with some genera releasing numerous toxins during a single
bloom (Rastogi et al.,, 2015). For example, N. spumigena and
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Dolichospermum spp. have the potential to produce the hepatotoxins
nodularin and microcystin, respectively (Kaiser et al., 2020), while
Aphanizomenon sp. is not considered to be toxic in the Baltic Sea (Luckas
et al., 2005; Wasmund, 2002). Filamentous cyanobacteria have a
competitive advantage over other phytoplankton in the Baltic Sea due to
their ability to fix dissolved nitrogen during the nitrate-depleted sum-
mers (Klawonn et al., 2016; Stal et al., 2003).

Earlier studies showed that there are several factors that influence
the occurrence of cyanobacterial blooms in the Baltic Sea. For example,
sea surface temperature, salinity, solar irradiance, wind speed at sea,
biogeochemical stratification, and dissolved inorganic nitrogen con-
centrations relative to phosphate concentrations have been shown to
influence the abundance and distribution of the filamentous cyanobac-
teria (Karlson et al., 2010; Lips and Lips, 2008; Loptien and Dietze, 2022;
Unger et al., 2013; Wang et al., 2022; Wurtsbaugh et al., 2019; Yang
et al., 2008). Solar irradiance significantly affects their growth, photo-
synthetic performance, (Gao et al., 2007; Wang et al., 2022), while
salinity limits their habitat (Lehtimaki et al., 1994; Moisander et al.,
2002; Olofsson et al., 2020a; Olofsson et al., 2020b; Silveira and Ode-
brecht, 2019). Based on monitoring data from the past four decades
(Olofsson et al., 2020b), the impact of temperature and salinity change
due to climate warming has also been shown to affect filamentous
cyanobacteria. However, little is known on whether their abundance
and distribution are driven by single or multi-interacting variables.

Several modeling approaches have been tested to understand what
drives cyanobacterial blooms (Hense et al., 2013; Hieronymus et al.,
2021; Loptien and Dietze, 2022; Munkes et al., 2021). Earlier modeling
studies have mainly focused on environmental variables from the ma-
rine realm (MAR) (Kahru et al., 2020; Viitasalo and Bonsdorff, 2022;
Wahlstrom et al., 2024; Wasmund, 1997; Wasmund et al., 2013),
whereas coastal areas are also directly exposed to environmental vari-
ables originating from the terrestrial realm (TERR), such as air tem-
perature and land runoff of organic matter associated with increased
precipitation (Andersson et al., 2015b). Coastal areas have a crucial role
in regulating nutrient availability (Almroth-Rosell et al., 2016) and may
therefore influence future bloom predictions (Wahlstrom et al., 2024).
Consequently, there is a lack of comprehensive understanding of how
interactions between environmental conditions from both the marine
and the terrestrial realms may affect the distribution of filamentous
cyanobacteria. Models that rely on environmental data from only one
biogeographic realm tend to yield lower prediction accuracy and
reliability.

Species distribution models (SDMs) and machine-learning (ML) al-
gorithms (Elith et al., 2010; Elith and Leathwick, 2009) have improved
the ability to integrate multiple environmental variables, handle missing
data, and reveal hidden relationships (Abdelgadir et al., 2023; Ghannam
and Techtmann, 2021; JanBen et al., 2021; Lembrechts et al., 2020; Mod
etal., 2021). SDMs have been applied to estimate cyanobacterial blooms
in various freshwater ecosystems (Guimaraes et al., 2020; Meriggi et al.,
2022, 2023). However, current SDM approaches do not efficiently
integrate multi-realm environmental variables (Bentlage et al., 2013;
Dambach and Rodder, 2011; Robinson et al., 2011). This methodolog-
ical gap may stem from the lack of an efficient method for stacking
environmental data from both realms and extracting relevant informa-
tion needed for modeling, as well as the uncertainty in potential species
distribution due to omission rates, i.e., the percentage of test localities
falling outside predicted suitable areas.

This study aimed to: I) assess how the spatial distribution of fila-
mentous nitrogen-fixing cyanobacteria along the Swedish coast of the
Baltic Sea is influenced by multi-realm environmental variables from
both marine and terrestrial domains, and II) evaluate the effect of pro-
jected climate change scenarios for the years 2050, 2070, and 2100. To
address these aims, occurrence records of three key filamentous cya-
nobacteria, Nodularia spumigena, Aphanizomenon sp., and Dolicho-
spermum spp., along the Swedish coastal areas of the Baltic Sea were
compiled and analyzed alongside data layers representing MAR and
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TERR environmental variables and projected climate scenarios.
Modeling was performed using six different machine-learning (ML) al-
gorithms embedded within SDM-based approaches, including ensemble
species distribution modeling (ESDM) and stacked species distribution
modeling (SSDM). Interaction effects between MAR and TERR variables,
as well as the importance of predicted variables, were statistically
evaluated in stacked multi-realm models. Final model forecasts were
subsequently analyzed for accuracy, performance, and omission rates.

2. Material and methods
2.1. Data preparation

2.1.1. Environmental variables

To predict the future distribution of filamentous cyanobacteria and
investigate the effects of different abiotic conditions of terrestrial and
marine realms, we used a total of 62 environmental raster layers
(Table S1). The raster layers contained data from either the sea surface,
the water column of MAR, or the mainland (TERR) and included various
statistical measures (range, minimum, maximum, mean) calculated
monthly and annually. MAR raster layers included variables such as sea
surface temperature (°C), bathymetry (m), sea surface nitrate concen-
tration (mol m™~3), primary production of carbon (g m~3day), phosphate
concentration (mol m’g), dissolved oxygen concentration (mol m~3),
sea surface salinity (PSS) and photosynthetically available radiation (E
m~2 day™1). These downscaled data at 2.5 arc-minute spatial resolution
were sourced from the Bio-ORACLE project v.2.2 (https://www.bio-or
acle.org/) (Assis et al., 2018; Tyberghein et al., 2012), the MARSPEC
project: Ocean climate layers for the Marine Spatial Ecology (Sbrocco
and Barber, 2013), and the ENVIREM (https://envirem.github.io/):
Environmental Rasters For Ecological Modeling (Title and Bemmels,
2018). Monthly data for sea surface temperature were obtained from the
‘Aqua-MODIS’: Moderate Resolution Imaging Spectroradiometer data-
base (Aqua-MODIS; http://oceancolor.gsfc.nasa.gov/), and from the
high-resolution bathymetry product (SRTM30_PLUS V6.0; http://topex.
ucsd.edu/WWW_html/srtm30_plus.html) (Becker et al., 2009). The
Marine layer for distance to shore (kilometer) was downloaded from
‘GSHHS’: Global Self-consistent, Hierarchical, High-resolution Geogra-
phy Database v. 2.3.7 (http://www.soest.hawaii.edu/pwessel/gshhg/).
TERR variables included temperature (°C), monthly precipitation (mm),
altitude (m) and monthly solar radiation (kJ m2 day’l) and were
sourced from the WorldClim v. 2.1 (https://www.worldclim.org/): the
Global Climate and Weather database (Booth et al., 2014; Fick and
Hijmans, 2017).

The future biogeographic distribution of filamentous cyanobacteria
in response to projected temperature increases in the Baltic Sea was
modeled using climate change trajectories for the years 2050, 2070, and
2100, respectively. These projections were derived from the IPCC Sixth
Assessment Report (AR6) of global warming increase (°C) projections
(Calvin et al., 2023; IPCC, 2023). We used the Representative Concen-
tration Pathway 8.5 (RCP8.5) greenhouse gas concentration trajectory,
which represents a worse-case climate scenario with a mean global
temperature increase ranging from 2.0 to 5.0 °C. The RCPs used are
representing three periods of time: RCP85-2050 (warming increase of ~
2.00 °C), RCP85-2070 (warming increase of =~ 2.60 °C) and
RCP85-2100 (warming increase of ~ 3.0-4.8 °C). Climate trajectories
were obtained from Coupled Model Intercomparison Project -phase 6
CMIP6 (Eyring et al., 2016). All environmental raster layers for MAR (n
= 40), TERR (n = 18), and trajectories of future climate change (n = 4)
were downloaded as ESRI raster grids at a spatial resolution of 2.5 arc-
minute, corresponding to approximately 4 km? grid cell size at the
equator. For subsequent analysis of habitat suitability, all raster layers in
tag image file (.tif) were converted to the ESRI ASCII (.asc) format using
the raster conversion function in QGIS v. 3.28.3 (QGIS Development
Team, 2022).
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2.1.2. Occurrence records of filamentous cyanobacteria

Occurrence records of Nodularia spumigena, Aphanizomenon sp., and
Dolichospermum spp. (Data S1, DOIL: https://doi.org/10.15468/dd.
zc83q5) with ‘present’ status in the Global Biodiversity Information
Facility GBIF (GBIF, 2023) were downloaded on 2023-05-22 using the
package ‘rgbif” (Chamberlain et al., 2023) in RStudio (RStudio Team,
2020) with R v.4.2.2 (R Core Team, 2021). Occurrence records were
restricted to coastal areas, where data on MAR and TERR variables are
available, and allowing for the assessment of interaction effects between
environmental variables. The search for records was limited to 10,000
records per taxon and constrained to the spatial extent of the Baltic Sea
(latitude: 53-66°N; longitude: 10-30°E). Here we limit searching for
records to 10,000 per query for each taxon due to the strict spatial extent
of the study area that lies only along the coastal area of the Baltic Sea.
Occurrence records with spatial duplicates, invalid format, or missing
longitude, latitude, or taxon names were removed from the dataset using
the package “scrubr” (Chamberlain, 2016).

2.2. Data processing

2.2.1. Environmental data layers

Environmental layers were loaded into RStudio using the packages
‘ENVIREM v2.3’ (Title and Bemmels, 2018), ‘sdmpredictors’ (Bosch and
Fernandez, 2022), ‘bioclim’ (Booth et al., 2014), ‘sdm’ (Naimi and
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Aratijo, 2016), and ‘SSDM’ (Schmitt et al., 2017). Collinearity among
environmental layers (predictors) can destabilize the performance of
regression-based models (Dormann et al., 2013). Therefore, detection
and removal of predictors based on multicollinearity was performed
using the variance inflation factor functions of ‘vif’, ‘vifcor’, and ‘vifstep’
provided in package ‘usdm’ v1.1-18 (Naimi et al., 2014). Multicollinear
environmental layers with a Pearson correlation coefficient > 0.7 were
detected and removed.

2.2.2. Extraction of environmental data linked to the occurrence records

Environmental variables associated with occurrence records were
extracted by generating a spatial data frame plotted over a vector layer
composed of all stacked environmental predictors. All MAR and TERR
environmental data were extracted using the packages ‘raster” (van
Etten, 2012), ‘sp’ (Bivand et al., 2013; Pebesma and Bivand, 2005),
‘dismo’ (Hijmans et al., 2015), ‘sdmpredictors’ (Bosch and Fernandez,
2022) and the extraction function implemented in ‘tidyvers’ package
(Wickham et al., 2019). In total, 496 occurrence records located be-
tween 1 km and 10 km from the shore were used to retrieve environ-
mental data from both MAR and TERR realms (Fig. 1).

2.3. Modeling workflow

Modeling codes and data are available at the public repository on
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Fig. 1. A map showing the geographic locations of the 496 present occurrence records of the three filamentous cyanobacteria Aphanizomenon sp., Dolichospermum
spp., and Nodularia spumigena along the Swedish coastline and the Baltic Sea. Occurrence records were retrieved from the Global Biodiversity Information Facility
(GBIF) database accessed on 2023-05-22. Occurrence records 1 to10 km from the shore.


https://doi.org/10.15468/dd.zc83q5
https://doi.org/10.15468/dd.zc83q5

M. Abdelgadir et al.

GitHub. SDMs, hereafter referred to as base estimator models, were built
using Classification Tree Analysis (CTA) (Steinberg, 2009), Maximum-
Entropy learning (MAXENT) (Phillips et al., 2006), Multivariate Adap-
tive Regression Spline (MARS) (Friedman, 1991), Random Forest (RF)
(Breiman, 2001), Generalized Boosting regression Model (GBM)
(Friedman, 2002), and Generalized Linear Model (GLM) (Guisan et al.,
2002).

The modeling workflow (Fig. S1) was conducted at three different
levels. To create the base estimator models, individual SDMs were
generated by fitting the environmental predictors to the occurrences of
each cyanobacterial taxon using each algorithm. Data objects were
created with the ‘sdmData’ function from the “sdm” package, containing
all occurrence records and stacked predictors. A background of 10,000
pseudoabsence data points (Barbet-Massin et al., 2012) was randomly
generated within the spatial extent of the study area and added to the
data object. Model fitting was performed by adding base estimator al-
gorithms tested with 10-fold bootstrapping (Harrell et al., 2005; Lima
et al., 2019) as the replication technique. Models were validated using a
repeated split-samples procedure, where 70 % of the occurrence dataset
was used for model training and the remaining 30 % for testing, repeated
over 10-fold cross validation (Roberts et al., 2017).

The modeling workflow continued with an ensemble approach
‘ESDM’ (Aratijo and New, 2007), where all base-estimator models were
combined into a single forecast model. Using all stacked layers, six
different ESDMs were generated. The ESDM approach was implemented
using the ensemble functions from the ‘sdm’ package and the ensemble
platform package “biomod2” (Thuiller et al., 2009; Thuiller, 2014).
Lastly, the base estimator models and ESDMs were combined into a
stacked species distribution model, SSDM (Fig. S1). All models were
assessed for prediction success, omission rate, accuracy, and perfor-
mance using the functions from the “SSDM” package (Schmitt et al.,
2017).

Since the environmental predictors differed in origin, cell grid size,
and resolution, a resampling operation was implemented by transferring
values between the non-matching raster layers and by stacking the
predictors from both biogeographic realms into a single raster stack.
Resampling computation was performed using the nearest neighbor
‘ngb’ function from the “raster” package (Hijmans and Etten, 2012).
Final resampled raster layers had a spatial resolution of 2.5 arc-minutes,
approximately 4 km? grid cell size at the equator. Two different raster
stacks were created: MAR over TERR (MAR/TERR), and TERR over MAR
(TERR/MAR). For single-realm modeling, four additional models were
developed using single predictors created from MAR (Only-MAR), TERR
(Only-TERR), Future-MAR and Future-TERR. These single models were
used to evaluate prediction capabilities and to determine whether the
distributions of filamentous cyanobacteria were more influenced by
single or multi-realm predictors. In total, six different stacked environ-
mental layers (i.e. four single and two multi-realms) were used in the
modeling. Multicollinear predictors in each raster stack with a Pearson
correlation coefficient > 0.7 were identified and removed. After
excluding multicollinear variables from each raster stack, 17 predictors
in MAR/TERR and 15 predictors in TERR/MAR, with correlation co-
efficients ranging from —0.0003 to 0.6991, were included in the
modeling. Additionally, 13, 5, 3, and 6 predictors with correlation co-
efficients ranging from —0.3061 to 0.6071 in Only-MAR, Only-TERR,
Future-MAR, and Future-TERR, respectively, were used for single-realm
future distribution modeling and for suitable habitats. All stacked and
single raster layers were constrained and aligned to the spatial extent of
the Baltic Sea using coordinate reference system (CRS) EPSG: 5845-
SWEREF99 TM.

2.4. Variable importance and model assessment
The variable importance of each model was estimated using the

function ‘getVarImp’ from the “sdm” and “SSDM” packages. Variable of
importance was assessed using Pearson Correlation (Benesty et al.,
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2009) that implemented in ‘usdm’ v1.1-18 package, and Area Under the
Curve AUC (Hanley and McNeil, 1982) as metrics. Base estimator al-
gorithms, individual SDMs, ESDMs, and SSDMs were assessed for ac-
curacy and performance using the True Skill Statistics (TSS) (Monserud
and Leemans, 1992), Cohen’s KAPPA coefficient (Allouche et al., 2006),
Area Under the Curve (AUC), and the Jaccard coefficient (Jaccard,
1912). Model TSS, KAPPA, and AUC values were extracted and visual-
ized using the “shiny” package platform (Chang et al., 2023).

Models were further assessed for accuracy and performance using
model thresholds, omission rates (Franklin, 2010; Phillips et al., 2006),
proportion of correctly predicted occurrences, and model prediction
success estimated with the “SSDM” package. Habitat suitability pre-
dictions were combined with the Jackknife test (Efron, 1982) for vari-
able importance and contribution, performed in MaxEnt v.3.4.1 java-
based software (Phillips et al., 2006, 2017).

2.5. Statistical analysis

Variable contributions and mean differences of filamentous cyano-
bacteria responses to predicted variable importance were assessed using
analysis of variance (ANOVA). Strengths of the relationships were
quantified using omega squared (©?). Differences among cyanobacterial
taxa in response to stacked variables were tested with non-parametric
analysis of similarities (ANOSIM) and permutational multivariate
analysis of variance (PERMANOVA) with 9999 permutations, using the
Bray-Curtis dissimilarity index. Generalized linear models were used to
assess interaction effects between predictors in all stacked layers. Linear
discriminant analysis (LDA) and Wilk’s lambda () were used to evaluate
the strength and contribution of each set of predictors to the model.
Variable contributions to SSDMs were visualized in the linear two-
dimensional space of principle component analysis (PCA). ANOVA
was conducted in jamovi v.23.21 (The Jamovi Project, 2023), while
ANOSIM, PERMANOVA, LDA, and pairwise comparisons were per-
formed in PAST v.4.09 (Hammer et al., 2001). Ordination and visuali-
zation were performed using the “FactoMinR” package (Le et al., 2008)
in RStudio (RStudio Team, 2020). Graphical representations for habitat
suitability were visualized in QGIS Desktop v3.28.3 (QGIS Development
Team, 2022).

3. Results
3.1. Model robustness and performance

The analysis of base estimator algorithms indicated high prediction
performances, with AUC between 0.90 and 0.96 (mean + SD, 0.92 +
0.04) and TSS between 0.66 and 0.80 (mean = SD, 0.75 & 0.08), where
AUC and TSS values close to one indicate excellent performance. The
generalized boosted regression model (GBM) and random forest (RF)
among tested algorithms indicated excellent model performances with
high AUC, TSS, and lower omission rates (Fig. 2 & Table S2).

3.2. Significant environmental variables predicted by SDM

Pearson correlation analysis for variable importance indicated that
mean annual sea surface temperature ‘Biogeol3’ (MAR/TERR = 0.39,
TERR/MAR = 0.43, Only-MAR = 0.34, ANOVA, F=61.9,p < 0.001, o’
= 0.197), nitrate concentration (MAR/TERR = 0.19, TERR/MAR =
0.22; ANOVA,F=71.3,p < 0.001, o’ = 0.221), phosphate (MAR/TERR
= 0.11, TERR/MAR = 0.10; ANOVA, F = 108, p < 0.001, ? = 0.301)
long term phosphate concentration (MAR/TERR = 0.10, TERR/MAR =
0.10; ANOVA, F = 60.9, p < 0.001, w? = 0.195), primary production of
carbon (Only-MAR = 0.13, ANOVA, F = 51.4, p < 0.001, »* = 0.0.169),
mean annual temperature ‘biol’ (Only-TERR = 0.165, ANOVA, F=112,
p < 0.001, w? = 0.309), bathymetry (Only-MAR = 0.237, ANOVA, F =
2.73,p =0.066, o’ = 0.007), and altitude (Only-TERR = 0.548, ANOVA,
F=0.937,p=0.392, @? = 0.00), all had high contribution to the base
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Fig. 2. Model prediction performance and habitat suitability as revealed by base algorithms (1) generalized boosted regression model GBM and (2) random forest RF
for stacked multi-realms (A) MAR/TERR, (B) TERR/MAR, and single realms (C) Only-MAR, (D) Only-TERR, (E) Future-MAR, and (F) Future-TERR. Each model was
built using all occurrence records and 10,000 pseudoabsence data points as a background. Model performances were assessed by AUC, TSS, and omission rate. Model
values (AUC and TSS) close to 1.00 and lower omission rates indicate excellent performance. The scale bar from 0.0 to 1.0 unit represents the grading of sites
predicted to be suitable for filamentous nitrogen-fixing cyanobacterial distribution, where dark green colour corresponds to the best suitability for their distribution
in Swedish coastal areas of the Baltic Sea. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

model prediction (Fig. S2 &Table S3).

There were 3 and 6 variables of importance predicted among the
MAR and TERR future scenarios, respectively. Among the MAR future
variables with high contributions to model prediction were the long-
term sea surface temperature for the year 2100 (RCP85-2100_templt-
max: 0.623, ANOVA, F = 95, p < 0.001, @? = 0.275) and the mean
temperature for the year 2050 (RCP85-2050_tempmean: 0.356,
ANOVA, F = 94, p < 0.001, w? = 0.276). In the TERR future climate
change scenarios, the future mean temperature of the wettest quarter for
the year 2070 (RCP85BIO08-2070: 0.516, ANOVA, F=77.9, p < 0.001,
w? = 0.276), and the future annual temperature range for the year 2070
(RCP85BIO07-2070: 0.213, ANOVA, F = 67.4,p < 0.001, o? = 0.247)
had high contributions to the model prediction (Fig. S3 &Table S4).

Cyanobacterial taxa showed dissimilar responses to the Future-MAR
scenario (ANOSIM, R = 0.33, p<0.0001), Only-MAR (ANOSIM, permu-
tation = 9999, R = 0.22, p<0.0001), and the Future-TERR scenario
(ANOSIM, permutation = 9999, R = 0.20, p<0.0001), respectively, as
shown in Table S5 and S6. Moreover, significant differences were
observed among the three cyanobacterial taxa in response to both single
and stacked multi-realms scenarios (PERMANOVA, permutation = 9999,
F=16.2, p<0.01), as well as across all climate scenarios (PERMANOVA,
permutation = 9999, F = 57.1, p<0.001), Table S7.

3.3. ESDM and SSDM performance

Analysis of ESDMs revealed good model performance (AUC: (mean
+ SD), 0.84 + 0.06; kappa: 0.56 + 0.13). Omission rate analysis showed
that Only-TERR, Only-MAR, and Future-TERR models had the lowest
omission rates (Only-TERR = 0.10; Only-MAR = 0.12; Future-TERR =
0.16), along with higher proportions of correct prediction compared to
other stacked realms (Only-TERR = 0.90, AUC = 0.90; Only-MAR = 0.88,

AUC = 0.89; Future-TERR = 0.87, AUC = 0.87), indicating excellent
performance for each model, respectively (Fig. 3.1 &Table S8).

Predictions of SSDMs, based on the kappa coefficient, revealed
excellent model performance across both single and stacked multi-realm
models (MAR/TERR: kappa (mean + SD), 0.75 + 0.54; TERR/MAR 1.08
=+ 0.5; Only-MAR 0.99 + 0.23; Only-TERR 1.00 + 0.17). Future scenario
models also performed well, with Future-MAR (kappa (mean + SD),
0.94 + 0.3) and Future-TERR (kappa, 0.99 + 0.22), showing high ac-
curacy (Fig. 3.2). SSDM predictions identified 17, 15, 13, and 4 impor-
tant variables in MAR/TERR, TERR/MAR, Only-MAR, and Only-TERR
models, respectively, along with 3 and 5 variables in Future-MAR and
Future-TERR models, respectively, for cyanobacterial distribution
(Table S9 & Fig. S4).

Variables contributing most to model performance included the
range of nitrate concentration (MAR/TERR (mean + SD), 18.84 + 2.03;
TERR/MAR 19.53 + 2.19), mean temperature of wettest quarter ‘bio8’
(MAR/TERR 15.36 & 1.27; TERR/MAR 14.72 + 4.02), and mean annual
sea surface temperature ‘Biogeol3’ (MAR/TERR 8.65 + 1.44; TERR/
MAR 6.82 + 1.07). Other influential variables included Maximum and
minimum photosynthetically available radiation (PAR), minimum pri-
mary productivity of carbon, bathymetry, altitude, and precipitation of
the warmest quarter ‘bio18’, all of which had significant contributions to
the model performance of TERR/MAR and MAR/TERR stacked realms.

Interestingly, the predicted distributions of the studied cyanobac-
teria were more strongly influenced by TERR environmental variables
than by MAR variables. TERR variables, such as mean temperature of
wettest quarter ‘bio8” (°C), precipitation of warmest quarter
‘bio18’(mm) and temperature of driest quarter ‘bio9’(°C), had higher
mean contributions than MAR variables in both stacked realms (bio8
(mean + SD), 15.04 + 0.44; biol8 5.28 + 1.58; bio9 4.83 + 0.99).
Additionally, the stacked TERR/MAR model outperformed the MAR/
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Fig. 3. Model prediction performances and habitat suitability as revealed by (1) ESDM and (2) SSDM for multi-realms (A) MAR/TERR, (B) TERR/MAR, and single
realms (C) Only-MAR and (D) Only-TERR, (E) Future-MAR and (F) Future-TERR. Model performances were assessed using the kappa coefficient, where values close
to 1.00 indicate excellent performances. The scale bar from 0.0 to 1.0 unit represents the grading of suitable predicted sites, where the dark green colour corresponds
to the best predicted sites for filamentous cyanobacteria distribution in Swedish coastal areas of the Baltic Sea. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)

TERR model (TERR/MAR: kappa (mean + SD),1.08 + 0.50; MAR/TERR
0.75 + 0.54) (Fig. S5). Among all environmental variables in the SSDM,
the MAR variables annual sea surface temperature ‘Biogel3’, sea surface
nitrate concentration, sea surface phosphorus concentration, salinity
range, along with the TERR variables of temperature of wettest quarter
‘bio8’, precipitation of warmest quarter ‘biol8’, temperature of driest
quarter ‘bio9’, maximum temperature of warmest month ‘bio5’, and
altitude had the highest contributions to overall model prediction.

We observed pairwise interaction effects between MAR and TERR
variables in both stacked realms on predicted distributions, with sig-
nificant interaction effects more frequently occurring among MAR var-
iables between MAR and TERR variables (Data S2). General linear
models indicated significant interaction effects between sea surface ni-
trate range and sea surface temperature (MAR/TEER: ANOVA, F = 5.36,
p < 0.05), and between phosphate range and temperature of wettest
quarter (TERR/MAR: ANOVA, F = 3.97, p < 0.05) on the predicted
distributions of cyanobacteria. Further analysis using SSDM indicated
high prediction success for Only-TERR (mean + SD): 0.72 + 0.13),
Future-TERR: 0.70 + 0.17; and Only-MAR: 0.69 + 0.18, with high
Jaccard coefficients for Only-TERR (mean + SD): 0.97 + 0.18, Future-
TERR: 0.94 + 0.22, and Only-MAR: 0.93 + 0.24). Model perfor-
mances, as measured by the kappa coefficient, were excellent for Only-
TERR, (mean + SD): 1.00 + 0.17, Future-TERR: 0.99 + 0.22, and Only-
MAR: 0.99 + 0.23 (Table S9).

Monthly TERR precipitation and solar radiation together contributed
more to the model prediction performance than any other environ-
mental variables in the TERR and MAR domains. The MAXENT model
predicted high habitat suitability (AUC = 0.98) with a very low omission
rate (omission rate = 0.01), indicating superior model performance
(Fig. 4). Variables with the highest contribution to the model included
monthly precipitation in May, June, July, and August, as assessed by
Jackknife regularized training gain and Jackknife evaluation of AUC

(Fig. S4).

3.4. Predicted future spatial distribution of filamentous cyanobacteria

Scenarios with high contributions to the model included long-term
sea surface temperature for the year 2100 (RCP85-2100_templtmax
(mean + SD), 45.19 + 0.41) and future annual TERR temperature for the
year 2070 (RCP85BIO08-2070 (mean + SD), 39.26 + 1.05), see Table 1
and Fig. S5 E&F. Model predictions for the future distribution of fila-
mentous cyanobacteria based on the TERR RCP85-2070 trajectory
showed better performance than those based on the MAR RCP85-2100
trajectory (TERR RCP85-2070: AUC= 0.92, Omission rate= 0.07; MAR
RCP85-2100: AUC = 0.84, Omission rate = 0.16), Fig. 5.

Linear discriminant analysis (LDA) showed that stacked MAR/TERR
and TERR/MAR environmental variables had significantly greater
discriminatory ability than variables in single-realm models, as indi-
cated by lower Wilks’ lambda (A) values across all tested models (MAR/
TERR: F (34,954) = 11.89, p < 0.0001, Wilks" lambda = 0.49; TERR/
MAR: F (30,958) = 12.67, p < 0.0001, Wilks’ lambda = 0.51), Table 2 &
Fig. S6 & S7.

4. Discussion

In recent decades, summer blooms of filamentous cyanobacteria
have emerged at new areas of the Baltic Sea (Olofsson et al., 2020b),
highlighting the increasing need to understand factors governing their
current and future distribution. For this purpose, we used multi-realm
modeling to assess the predictive power and relative influence of
terrestrial (TERR) and marine (MAR) environmental variables, as well as
projected climate change scenarios, on the future distribution of three
taxa of filamentous cyanobacteria along the Swedish coast. The results
demonstrate that multi-realm models of stacked TERR and MAR
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Fig. 4. Representation of the Maximum-Entropy algorithm (MAXENT) showing model prediction performance and habitat suitability based on the terrestrial var-
iables ‘TERR’ monthly solar radiation (kJ m~? day’l) and monthly precipitation (mm). Model performance was assessed by area under the curve AUC and omission
rate. Models with an AUC value close to 1.00 and lower omission rates indicate excellent performance. The scale bar from 0.0 to 1.0 unit represents the grading of
suitability, where the dark blue, blue, and green colors (0.0 to 0.4) are predicted as areas with no or less suitability while yellow, red, and dark red colors (0.6 to 1.0)
correspond to predicted as highly suitable areas for filamentous cyanobacteria in Swedish coastal areas of the Baltic Sea. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

environmental variables significantly enhance predictive performance.
This finding suggests the importance of integrating data from both
realms when predicting the distribution of filamentous cyanobacteria in
coastal regions. The prediction models showed high accuracy and per-
formance, according to AUC, TSS values, and kappa coefficients. The
overall omission rates for the stacked models further confirmed the
complementary contributions of predictors from both realms, suggesting
strong discriminatory power across variables. However, models based
solely on MAR variables exhibited lower omission rates than those based
on TERR variables. This emphasizes the importance of stacking MAR
variables in modeling coastal distribution of filamentous cyanobacteria
and the ecological role of both marine and land based environmental
conditions in shaping coastal filamentous cyanobacterial distributions.

Several studies have highlighted the methodological challenges of
combining marine and terrestrial variables in species distribution
models, primarily due to the heterogeneity and inherent differences in
how these variables influence the species distribution (Fournier et al.,
2017; Hakkinen et al., 2021; Klaassen et al., 2025; Robinson et al.,
2011). For example, environmental variables from the MAR realm tend
to be less variable (Robinson et al., 2011), while variables from the
TERR realm are more heterogeneous due to variations in topography,
altitude, and atmospheric conditions (Hijmans et al., 2005). Although

multi-realm modeling has been tested for seabirds (Hakkinen et al.,
2021) and multi-state modeling for mammals (Frans et al., 2018), their
application to cyanobacterial communities is not straightforward (see
Abdelgadir et al., 2023). This can be attributed to dynamic and complex
environmental characteristics of the coastal zone as a land-sea interface
that receives nutrient inputs from various sources, including rivers,
runoff, atmospheric deposition, and internal load, factors that collec-
tively influence the growth of cyanobacteria. It is worth mentioning that
the accuracy of capturing river input into the Baltic Sea using current
datasets or modeling framework is challenging due to the complexity of
modeling the diverse and dynamic nature of river systems and quanti-
fying the impact of human activities on water flow. Despite these chal-
lenges, our results demonstrate that multi-realm modeling can capture
the drivers of spatial distribution of filamentous cyanobacteria along the
Baltic Sea coast.

Among the environmental predictors, “Biogeol3” - annual sea sur-
face temperature (°C) and sea surface nitrate concentration (mol m~3)
showed strong correlations with predicted occurrences and made sub-
stantial contributions to overall model performances across multi-
realms (MAR/TERR, TERR/MAR) and single-realm (Only-MAR)
models, as confirmed by Pearson’s r analysis. The significant influence
of predictors from one realm over another on the predicted distribution



M. Abdelgadir et al.

Table 1

Variables of importance predicted by SSDM (as Mean + SD). Differences in
predicted occurrence of filamentous cyanobacteria were assessed using analysis
of variance ANOVA (atp < 0.05), and the strength of the relations was assessed
by omega squared (0?).

Variable SSDM ANOVA Realm

Mean SD F P o?

RCP85-2050-Sea surface 25.61 0.42  76.7
minimum temperature

RCP85-2050- Sea surface 29.20 0.03 94
mean temperature

RCP85-2100- Sea surface 4520 042 95
long-term temperature

RCP85-2050_BIO08 Mean 5.71 0.64 5.59  0.004 0.022  TERR
Temperature of Wettest
Quarter

RCP85-2050_BIO09 Mean 7.57 1.42  19.6
Temperature of Driest
Quarter

RCP85-2070_BIO07 1890 0.73 67.4
Temperature Annual
Range

RCP85-2070_BIO08 Mean 39.27 1.06 77.9
Temperature of Wettest
Quarter

RCP85-2070_BIO09 Mean 19.08 210 435
Temperature of Driest
Quarter

RCP85-2070_BI014 9.46 2.07 4.42 0.013 0.017
Precipitation of Driest
Month

<0.001 0.234 MAR

<0.001 0.273

<0.001  0.275

<0.001  0.084

<0.001  0.247

<0.001  0.275

<0.001 0.173

()

TERR_RCP85-2070 §
m 0.0
0.2
0.4

0.6
0.8
1.0
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of filamentous cyanobacteria further supports the importance of
including both MAR and TERR variables in modeling efforts of cyano-
bacterial distribution in the coastal Baltic Sea.

The predicted distribution of filamentous cyanobacteria was signif-
icantly affected by the interaction effects between sea surface nitrate
and temperature, as well as between sea surface phosphate and TERR

Table 2

Significant contributions of different environmental variables to the predicted
coastal distribution of the three studied filamentous cyanobacteria in the Baltic
Sea, assessed by linear discriminant analysis (LDA). The discriminatory ability
and significance of all environmental variables in current single, multi-realm,
and future models, were assessed using Wilks’ lambda (1) and p-value (p <
0.05). Smaller A values indicate greater discriminatory power of the respective
variable(s).

Current Future (RCP85)
MAR/ TERR/ Only- Only- MAR TERR
TERR MAR MAR TERR
Wilks’ 0.494 0.512 0.519 0.674 0.685 0.683
Lambda
(CM]
F (Observed 11.86 12.677 14.361 21.302 34.045 17.059
value)
F (Critical 1.442 1.471 1.507 1.840 2.108 1.762
value)
dfl 34 30 26 10 6 12
df2 954 958 962 978 982 976
p-value < < < < < <
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001

AUC= 0.84 0 100 200 km
Omission rate= 0.16 —_—
10.00°E 15.00°E 20.00°E 25.00°E

Fig. 5. Predicted future distribution and habitat suitability of filamentous cyanobacteria in Swedish coastal areas of the Baltic Sea based on the best overall model
performances of the’RCP85’ future scenario for the years (A) TERR 2070 and (B) MAR 2100. RCP85 for the year TERR 2070 corresponds to a projected global
warming increase in land surface temperature of approximately 2.6 °C, while RCP85 for the year MAR 2100 corresponds to a projected global warming increase in
sea surface temperature of approximately 3.0-4.8 °C. The scale bar from 0.0 to 1.0 unit represents estimated habitat suitability, where dark blue to green colors (0.0
to 0.4) indicate areas with no or low suitability, and yellow to dark red colors (0.6 to 1.0) indicate highly suitable areas, according to model predictions. Model
performance was assessed by area under the curve ‘AUC’ and omission rate. Models with an AUC value close to 1.00 and a lower omission rate indicate excellent
performance. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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temperature of the wettest quarter. Rising water temperatures may
enhance nutrient availability and phosphate release from oxygen
depleted bottom sediments, influencing the relative nitrogen and
phosphate content of the sea water, with a positive effect on the growth
of nitrogen-fixing filamentous cyanobacteria as described in Deng et al.
(2022), Liirling et al. (2017) and Olofsson et al. (2016). Since filamen-
tous cyanobacteria can fix atmospheric nitrogen, phosphate availability
relative to nitrate becomes a key factor in their competitive advantage
over other cyanobacterial and phytoplankton groups (Stal et al., 2003).
Furthermore, our results indicate a significant effect of decreased
salinity and an interaction between salinity and temperature of the
warmest month (bio5) on the predicted distributions. These findings
align with what has been described by Olofsson et al. (2020b), who
reported that declining salinity, and to some extent, rising sea water
temperatures have increased the abundance of filamentous cyanobac-
teria across the Baltic Sea according to data from four decades of envi-
ronmental monitoring, but with basin-specific differences. Our study
also predicts a regional heterogeneity in habitat suitability for fila-
mentous cyanobacteria along the Swedish coastline.

Interaction effects among MAR variables may also explain the
increased omission rates, reduced prediction accuracy, and conse-
quently the overall low model performance observed in MAR/TERR,
Only-MAR, and Future-MAR. Moreover, the absence of MAR variables
and their interactions could explain the higher AUC values, stronger
kappa coefficients, and the low omission rates observed in the ‘Only-
TERR’ and ‘Future-TERR’ models. These interaction effects are likely to
contribute to the robust predictive success of ‘Only-TERR’, ‘Future-
TERR’ and ‘Only-MAR’ models, in comparison to TERR/MAR and MAR/
TERR stacked models. Therefore, we recommend that interaction effects
between predictors and changes in omission rates be carefully consid-
ered when interpreting the distribution patterns of filamentous cyano-
bacteria in predictive modeling.

Our models also predict an increased area distribution of filamentous
cyanobacteria into northern parts of the Baltic Sea, driven by current
TERR monthly solar radiation and precipitation, according to the
stacked model of TERR. Model performance was high (AUC = 0.98),
with monthly precipitation contributing more to overall model perfor-
mance and accuracy than monthly solar radiation, as indicated by the
Jackknife test and AUC values. These results indicate that increased
precipitation may enhance the distribution of filamentous cyanobac-
teria. This may be explained by increased phosphorus availability and
terrestrial dissolved organic matter resulting from greater riverine
runoff in the north, driven by rising precipitation, as described in
Andersson et al. (2015a, b), Kahru et al. (2020) and Kahru and Elmgren
(2014). These model findings further support the inclusion of TERR
variables in predicting the spatial distribution of filamentous cyano-
bacteria in the coastal zone.

Earlier studies have shown that the current nutrient regime in
northern parts of the Baltic Sea is less suitable for the proliferation of
filamentous cyanobacteria (Alasaarela, 1979; Niemi, 1979). In addition,
currently, the Bothnian Bay does not experience dense blooms of fila-
mentous cyanobacteria (Olofsson et al., 2020b) partly due to high
organic matter content that darkens the water (Andersson et al., 2015b),
a factor not included in our model. Yet, with climate change, as pre-
dicted in the ESDMs and SSDMs in our study, the coastal parts of the
Bothnian Sea and Bothnian Bay in the northern Baltic Sea may become
increasingly suitable habitats for these organisms. This may be
explained by a gradual environmental shift driven by inorganic phos-
phorus from terrestrial riverine runoff and internal load making these
regions more conducive to cyanobacterial growth (Andersson et al.,
2015a; Kahru et al., 2020; Meier et al., 2022; Zhao et al., 2023). Earlier
studies highlighted several factors behind thriving of cyanobacteria in
the Baltic Sea such as nutrient availability (Munkes et al., 2021), water
stratification (Huisman et al., 2018), level of photosynthetically active
radiation (PAR) and ultraviolet radiation (UVR) (Mohlin, 2010), and the
low ratio of dissolved inorganic nitrogen to dissolved inorganic
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phosphorus, the N:P ratio (Stal et al., 2003). Our SSDM and ESDM
findings in light of previous studies could also be attributed to increased
water stratification in response to increased air-sea heat fluxes, which
influence the sea surface temperature (Andersson et al., 2015b; Carey
etal., 2012; Dutheil et al., 2023; Groger et al., 2019; Paerl and Huisman,
2009; Placke et al., 2021) and the delivery of inorganic nutrients to
surface waters via land runoff (Meier et al., 2022). Together, these
environmental changes may provide favorable biogeochemical condi-
tions for filamentous cyanobacteria at the coast (Kahru et al., 2020). In
addition, the three dominant bloom-forming taxa, Nodularia spumigena,
Aphanizomenon sp., and Dolichospermum spp., are known to compete
with faster-growing phytoplankton for nutrients (see Loptien and Dietze,
2022; Munkes et al., 2021). Yet, this competition over nutrients is not
possibly captured by our model setup.

Our models show that both solar radiation and precipitation
contribute to the predicted increase in cyanobacterial occurrence,
particularly in the northern Baltic Proper and the Bothnian Bay. While
this may hold true for coastal areas, our models do not capture the
offshore regions, which may still be experiencing light limitation due to
colored dissolved organic matter which strongly absorbs light (Kratzer
et al., 2020; Munkes et al., 2021; Sliwiniska-Wilczewska et al., 2019).
The prediction of cyanobacterial presence in coastal sites beyond pre-
sent occurrences, based on stacked multi-realms, supports the inclusion
of TERR environmental variables. Models incorporating TERR variables
demonstrated higher predictive capability than those using MAR vari-
ables alone. Our results show that relying solely on MAR variables omit
critical information from the terrestrial domain, thereby reducing the
overall model accuracy, performance, and prediction.

Our model predicted an increased distribution of filamentous cya-
nobacteria into the northern Baltic Proper, northern parts of the Both-
nian Sea, the Bothnian Bay, and southward to the Arkona basin. These
increases are associated with increasing temperature of land surface
along the coastal interface of the Baltic Sea for year 2070 ‘RCP85-2070’
and long-term sea surface temperature increase for year 2100 ‘RCP85-
2100’.These higher latitudes of the Earth are considered particularly
exposed to climate change, known as the ‘polar amplification’ (Meier
et al., 2022). Global and regional climate projections for the northern
Baltic Sea, predict a sea surface temperature rise by 4 °C, and a ~ 30 %
rise in precipitation (Andersson et al., 2015b; Meier et al., 2022). These
changes are expected to enhance terrestrial runoff of organic matter and
reduce salinity in the northern Baltic Proper, northern parts of the
Bothnian Sea, Bothnian Bay, and the Arkona basin (Andersson et al.,
2013; Andersson et al., 2015b). Increased water temperature, reduced
salinity, and elevated inorganic nutrient availability as a result of
riverine runoff have all been linked to enhanced filamentous cyano-
bacterial abundance in the northern Baltic Sea (Andersson et al., 2015a;
Jaanusetal., 2011; Kahru and Elmgren, 2014). Basin-specific reductions
in salinity have also been associated with increases in cyanobacterial
blooms (Kuosa et al., 2017; Olofsson et al., 2020b; Suikkanen et al.,
2007), which may explain our predicted future increase of filamentous
cyanobacteria in both northern and southern parts of the Baltic Sea. Our
model projections indicate that future increases in TERR temperature
along coastal areas will have a greater influence on predicted distribu-
tion than future MAR variables. Future TERR-based predictions showed
a low omission rate and high model performance compared to future
MAR-based predictions. Therefore, warming trends in the terrestrial
domain should be considered when forecasting predictions of coastal
distribution of filamentous cyanobacteria in the Baltic Sea.

To sum up, the discriminatory power of predictors in the stacked
MAR/TERR and TERR/MAR models was higher than in single-realm
models, indicating robust model performance of multi-realm ap-
proaches. Caution, however, is advised when interpreting these pre-
dictions, as other environmental variables not included in the present
study may also influence filamentous cyanobacterial distribution.
Additionally, adjacency effects in satellite imagery, particularly within
1-10 km of the shore (see Bulgarelli and Zibordi, 2018; Wu et al., 2024),
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can lead to misinterpretations of species distributions, particularly in
coastal zones. The availability of occurrence records in the database, and
that were limited to within 1 km to 10 km of the Swedish coastline,
could lead to misinterpretations of species distributions in coastal zones.
Furthermore, limited data, such as the unexpectedly low occurrence
records from the southern parts Sweden’s eastern Baltic Sea coastline, an
area known for dense summer blooms (Karlson et al., 2022), likely
influenced the predictions of the filamentous cyanobacterial distribu-
tions. Despite the above limitations, there are two advantages in our
modeling approach: its ability to combine terrestrial and marine infor-
mation for coastal filamentous cyanobacteria in a single modeling
forecast, and the ability to consider and assess the interactions between
variables of multiple ecological realms. If carefully used, this modeling
approach can improve predictions of future expansion of filamentous
cyanobacteria in the coastal Baltic Sea.

5. Conclusion

Using a multi-realm modeling approach that integrates environ-
mental variables from both marine and terrestrial domains resulted in
robust model performance and reliable predictions of filamentous cya-
nobacteria distribution along Sweden’s Baltic Sea coast. Compared to
single-realm models, this approach highlighted the importance of cross-
realm interactions, showing that the combined influence of land and sea
factors significantly shapes the predicted coastal distribution patterns.
Notably, terrestrial variables had a stronger influence on the model
outcomes than marine ones. The projections identified the northern
Baltic Sea, including the Bothnian Bay and Bothnian Sea, as regions of
concern, where future occurrences of filamentous cyanobacteria may
intensify due to changing climate conditions. This modeling approach
offers valuable insights into how climate change may affect cyano-
bacterial blooms in coastal ecosystems such as the Baltic Sea region. It
can support decision-making and improve monitoring strategies by
identifying priority areas likely to experience increased bloom activity.
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