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Kelp forests are productive coastal ecosystems that provide a range of ecosystem services. Mapping the distribution and area occupied by kelp forests is a critical step to identify their ecosystem functions and services, including their role in the carbon cycle, and to detect changes in their distribution. We compiled quantitative data of the dominant genera Laminaria and Saccharina across the Nordic region, allowing us to separate kelp forests (areas with dense or moderately dense kelp coverage) from occurrences of single or few individuals. By fitting boosted regression trees to the compiled data, we modelled and predicted the distribution of kelp forests across the Nordic region. Despite the large scale of the analyses, the models captured well the kelps’ environmental affinities and predicted the presence of kelp forests with high accuracy. Dense kelp forests are found along the rocky shores of all the Nordic countries, except in the brackish Baltic Sea, with largest areas in Norway, Greenland and Iceland. The results of this study set the scene for future studies on the importance of kelp forests in the Nordic region, including their contribution to the marine carbon budget.
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Introduction

Kelps, which are large brown canopy-forming algae in the order Laminariales, dominate subtidal shallow rocky coasts in temperate, sub-polar and polar regions across the globe, except in Antarctica where other orders of large brown algae dominate (Krumhansl et al., 2016; Wernberg et al., 2019). Kelp forests provide three-dimensional habitats that support diverse and productive ecosystems (Wernberg et al., 2019). Moreover, kelp forests provide a range of other ecosystem services, including as nursery and feeding grounds for commercially important fish and invertebrates, coastal protection through wave damping and attenuation, potential source of food and raw materials (e.g., biofuels), as well as facilitating for recreation and tourism (Smale et al., 2013). Since most kelps grow on rocky substrate, carbon burial in local sediments is limited, and kelp forests were not initially considered to contribute as blue carbon sinks (Nellemann et al., 2009; Himes-Cornell et al., 2018). However, kelp forests may contribute significantly to carbon sequestration through the burial of biomass in adjacent sediments, and export of particulate and dissolved carbon into deep water (>1000 m, Krause-Jensen and Duarte, 2016; Krause-Jensen et al., 2018). Although we still have relatively limited understanding of the extent to which macroalgae sequester carbon (Hurd et al., 2022), conservation and restoration of kelp forests may represent nature-based solutions for climate mitigation with a range of additional ecosystem service benefits.

In order to convey the value of kelp forests to policy makers and conduct targeted management, knowledge of their areal distribution is needed. Areal estimates are for example a crucial first step to quantify kelp forests’ contribution to primary production and carbon sequestration. While several studies have mapped the distribution of kelp on local or regional scales (Bekkby et al., 2009; Gorman et al., 2013; Espriella et al., 2019), few attempts have been made to estimate the cover of kelp for larger regions (Raybaud et al., 2013; Jayathilake and Costello, 2020). One important barrier has been the lack of in situ kelp data – and in cases where they exist, this has mostly been in the form of species occurrence data (Araújo et al., 2016). While presence/absence data are useful for making probability models of species distribution, they cannot be used to quantify the amount of kelp and thereby model the distribution of true kelp forests. For this we need quantitative data on density, coverage or similar.

Globally, kelp forests face a multitude of stressors, including climate change (e.g., increased frequency and intensity of heat waves and storms), pollution and eutrophication, harvesting, disturbance from trawling, trophic cascades, and removal of habitat due to coastal development (Rinde et al., 2014; Araújo et al., 2016; Wernberg et al., 2019). Long-term records indicate that kelp forests are on retreat globally, but there is also a great degree of local and regional variation (e.g., Christie et al., 2019b), with some regions experiencing a recovery or increase in the distribution of kelp forests (Krumhansl et al., 2016; Wernberg et al., 2019). For example, increasing trends are suggested in the high Arctic with decreased sea ice cover, based however on relatively few available data series (Filbee-Dexter et al., 2019; Krause-Jensen et al., 2020). As biodiversity and ecosystem services are rapidly declining globally (Díaz et al., 2019), we urgently need baseline data to monitor changes and to understand and mitigate negative impacts on kelp forest distribution.

The Nordic region encompasses Denmark, Sweden, Finland, Norway including Svalbard, Iceland, the Faroe Islands and Greenland, and includes Atlantic, Arctic and brackish Baltic biogeographical regions. The Nordic region has a long history of marine ecological research and strong societal connections to coastal ecosystems (Belgrano et al., 2018), with a coastline estimated to be ~240 000 km long (Sayre et al., 2019). Here, kelp forests are found on shallow (typically <30 m) rocky coast from Greenland and Iceland in the west, along the Norwegian coast, to the Swedish West coast in the east (Dunton and Dayton, 1995). Kelp forests also occur in offshore boulder reefs in e.g., the Kattegat between Denmark and Sweden (Dahl and Dahl, 2002). The kelp species Laminaria hyperborea and Saccharina latissima dominate among the macroalgae in the region in terms of both extent and biomass (Krause-Jensen et al., 2012; Araújo et al., 2016). Although kelp species distribution models have been developed for Norway (Bekkby et al., 2009; Bekkby and Moy, 2011; Gundersen et al., 2021), rough areal estimates are available for Denmark (Öberg, 2006, based on available hard bottom areas for macroalgae), and estimates of suitable habitat exist from Greenland (Krause-Jensen et al., 2020), the areal distribution of kelp forests has until now not been modelled and mapped for the full Nordic region.

Here, we present the first comprehensive distribution modeling study of kelp forests across the Nordic region using compiled data published in the ‘grey literature’ (Frigstad et al., 2021) on densities or coverage, allowing to separate forests from occurrences of single or few individuals. To analyze and predict the distribution of kelp forests based on a large number of potentially interacting environmental variables, we use boosted regression trees (BRT), a method that combines the advantages of machine learning and statistical regression techniques (Elith et al., 2008).

The distribution maps and areal estimates presented in this study provide a baseline to assess large-scale changes in kelp forest distribution in the Nordic region. Moreover, areal estimates are essential to understand the global extent and significance of kelp forests and their associated ecosystem services, including potential for carbon storage and sequestration (Gundersen et al., 2016; Duarte, 2017. Macreadie et al., 2019).



Materials and Methods


Kelp Data

To model the spatial distribution of kelp forests in the Nordic region, we compiled data on species belonging to the genera Laminaria and Saccharina from the Nordic countries (Figure 1). We focused on these two genera exclusively since they are present in all Nordic countries and include the two most common kelp species in the region, Laminaria hyperborea and Saccharina latissima. However, other species are important in parts of the Nordic region (in particular Alaria esculenta and Agarum clathratum in Greenland, e.g., Wegeberg, 2011; Wegeberg, 2013), which may lead to an underestimation of kelp forest cover using this approach.




Figure 1 | Observed presence or absence of kelp forests (dense or moderately dense forest) of the genera Laminaria (A) and Saccharina (B) across the Nordic region, obtained from quantitative or semi-quantitative data on coverages or densities. For the east coast of Greenland, only the locations of observations are depicted (the original data are unpublished).



We only included quantitative or semi-quantitative data on densities or percent coverage, as non-quantitative occurrence data would not allow us to separate kelp forest with dense or moderately dense coverage from single or few plants. Specifically, we obtained data on Laminaria hyperborea (Norway, Sweden, Denmark, Faroe Islands), L. digitata (Sweden, Denmark, Faroe Islands), L. solidungula (Greenland), Saccharina latissima (Norway, Sweden, Denmark, Faroe Islands, Greenland), S. longicruris (Greenland) and S. nigripes (Greenland), which were combined into two separate datasets for Laminaria spp. (hereafter Laminaria) and Saccharina spp. (hereafter Saccharina), respectively (Figure 1). Since the data originated from different monitoring and research programs, they were sampled using somewhat different methods and quantitative measures. To create unified Nordic datasets, we converted all measures to presence/absence of kelp forest, using threshold values based on expert judgement. Specifically, observations of coverage ≥50% or high densities (dense or moderately dense forest) were considered as presences of kelp forests of these genera. These thresholds are used in the Norwegian national mapping program to identify large contiguous kelp forests (Bekkby et al., 2013). Densities or coverages below the thresholds, including stations with only observations of other species than the ones in focus, were considered as absences. Hence, this will exclude areas with less abundant cover of Laminaria or Saccharina, or with potentially high cover of other macroalgae. We were not able to obtain quantitative observational data from Iceland or Svalbard. Further details about the individual datasets can be found in the Supplementary Material.



Environmental Data

As explanatory variables in the distribution models, we used field-measured depth and relevant environmental variables extracted from large-scale spatial data layers (Figure 2). We coupled kelp observations (Figure 1) to environmental data by extracting values from environmental raster layers cells in which the kelp observations were located. If a kelp observation was outside the cover of a raster layer, or data was missing in that specific cell, the environmental variable was set to missing (NA). We included data on distance to shore (km), bathymetric slope (0°=flat surface, 90°=vertical slope), bathymetric plan and profile curvature, east-west (EW) and north-south (NS) aspect (compass direction, ranging from -1=due west/south to +1=due east/north), sea surface salinity (SSS, psu) and sea surface temperature (SST, °C) from the global MARSPEC ocean layers (with 30 arcseconds spatial resolution, which equals 0.2-1 km in the Nordic region, marspec.org). The geophysical MARSPEC layers were derived from the SRTM30_PLUS high resolution (1 km) bathymetry, and the climatic layers from NOAA’s World Ocean Atlas and NASA’s Ocean Color Web (Sbrocco and Barber, 2013). We further included light at the surface (Photosynthetically Active Radiation, PAR, mol photons m-2 day-1), current velocity (CurVel, m s-1 at the minimum bottom depth of the pixel) and sea ice concentration (fraction ranging from 0 to 1) from the global Bio-ORACLE dataset (with 5 arcminutes spatial resolution, bio-oracle.org). The PAR data were derived from SeaWiFS satellite data, and sea ice concentration and current velocity from the Global Ocean Physics Reanalysis ECMWF (Tyberghein et al., 2012; Assis et al., 2018). Finally, we incorporated wave fetch data from a 100 m resolution GIS layer that covered the study area north to the northern coast of mainland Norway and west to the Faroe Islands (Burrows, 2020). Wave fetch is a proxy for wave exposure (but does not incorporate wind speed or direction) and is calculated as the distance to the nearest land in angular sectors. It thus provides more detailed information than distance from shore, which does not consider the combined distances to land in different directions but only the closest land point.




Figure 2 | All environmental GIS-layers used in model fitting and predictions. Areas with missing values (including land) are shown in black. For wave fetch, the map is zoomed in to the extent of the GIS layer.



We used the mean values for all temporally varying variables except for SSS, where both mean and range were included. For other variables, the range was typically highly correlated with the mean and unimportant in preliminary model runs. The correlation between variables included in the models was generally low (Pearson correlation coefficient ρ < 0.7), except for mean SST and ice cover (ρ = -0.79, Supplementary Figure 7).



Model Fitting

To model the spatial distribution of kelp forests, boosted regression tree (BRT) models were built using the gbm (Greenwell et al., 2020) and dismo (Hijmans et al., 2020) libraries in R (R Core Team, 2020). When using this approach, many simple models (“trees”) are built and combined (“boosted”) for prediction (Elith et al., 2008). The BRT models have several advantages, for example, a large number of predictor variables of different types can be implemented without prior data transformation; potential complex interactions between variables are automatically handled; models are insensitive to outliers; and missing values are accommodated (Elith et al., 2008). Moreover, BRTs can handle sharp discontinuities, which is critical in cases such as ours, where the species’ distribution is small compared to the full area.

Boosted Regression Tree models were built for Laminaria and Saccharina separately, with presence/absence of kelp forest as response variable, assuming a binomial error distribution. We kept most model parameters to their defaults (Hijmans et al., 2020) but used an optimization routine based on cross-validated deviance to determine the optimal combination of three important parameters: learning rate (testing 0.0001, 0.001 and 0.01), tree complexity (testing 2, 4 and 6), and bag fraction (testing 0.5, 0.6 and 0.7) (Smith, 2021). Learning rate sets the weight given to each tree, and smaller learning rate is preferable but computationally costly as a higher number of trees is required. Tree complexity defines the complexity of interactions that can be fitted, if required by the data. Bag fraction is the fraction of the data used in selecting variables at each iteration (each tree), which makes the model stochastic and has been shown to improve predictive power (Elith et al., 2008). The optimal parameter combinations were learning rate 0.01, tree complexity 6 and bag fraction 0.7 (9650 trees) for Laminaria, and learning rate 0.01, tree complexity 6 and bag fraction 0.6 (7650 trees) for Saccharina. After identifying the optimal model with all explanatory variables included, we ran a simplification procedure to remove variables that contributed little to model predictive power using k-fold cross validation (Elith et al., 2008).



Model Predictions

Based on the final BRT models with unimportant predictor variables removed, we predicted the probability of presence of kelp forest across the Nordic region using the ‘predict’ function in the raster package in R (Hijmans, 2022). Predicted probabilities were converted to presence or absence of Laminaria or Saccharina forest by using the ‘threshold’ function in the dismo package, which is based on specific criteria when comparing observations and predictions. Maximizing kappa (the proportion of correctly classified units after accounting for the probability of chance agreement) gave the best results across different evaluation statistics, hence we used this criterion. The identified cutoffs to convert from predicted probabilities to presence of kelp forest were 0.43 and 0.30 for Laminaria and Saccharina, respectively.

To be able to predict kelp forest distribution for the full Nordic region, we created a uniform raster object of all environmental predictor variables included in the models, resampling all GIS-layers to a 30 arcseconds resolution (i.e., the resolution of the MARSPEC layers). While bottom depth of the sample was used in the model fitting, we used the full cover bathymetric data (m) from MARSPEC for the predictions. Model predictions from BRT models are given for all cells regardless of the presence of missing values for some variables, and missing values are set to the overall mean value for that variable. For mean PAR, the available layer lacked values in grid cells with high sea ice cover in northern parts of the region. Therefore, to avoid unrealistic model predictions in these areas with likely lower-than-average PAR, we interpolated these empty cells based on a generalized additive model (GAM) with mean PAR estimated as a smooth function of sea ice cover (Supplementary Figure 8). The interpolated layer of mean PAR is shown in Figure 2.

We estimated the areal cover of kelp forests per Nordic country by summing the area (which is not constant since arcminutes vary with latitude) of all cells with predicted presence of kelp forest within each country’s Exclusive Economic Zones (EEZ, MarineRegions.org, 2021).




Results


Predicted Kelp Distribution

The BRT model predictions indicated that Laminaria forests are found along the Norwegian coast including Svalbard (mostly eastern Svalbard), on the western coasts of Sweden and Denmark, around the Faroe Islands and the southern coast of Iceland, and in some scattered locations along the coast of Greenland (Figure 3). For Saccharina, the model predicted presence of forests along the Norwegian coast north to Lofoten and on Svalbard (mostly western Svalbard), around West, South and East Greenland and at scattered locations in the other Nordic countries. Predicted presence of kelp forests in areas north of the northernmost observations and deeper than the deepest observations were flagged as uncertain or unrealistic (light blue in Figure 3). For Denmark, we furthermore masked out predictions in cells where the substrate was classified as soft bottom, as a detailed substrate layer for Denmark was available from The Geological Survey of Denmark and Greenland (geus.dk, note that this information was not available at a Nordic level).




Figure 3 | Predicted presence (blue points) of Laminaria (A, B) and Saccharina (C, D) kelp forests (dense or moderately dense forest) across the Nordic region (panels A–D cover the western and eastern parts of the region, respectively). Light blue points illustrate predictions that are highly uncertain or unrealistic as they are either north of the northernmost observation, deeper than the deepest observation or in areas with unsuitable substrate (for Denmark). Areal distribution data are given both with and without these uncertain/unrealistic predictions (Table 1). Note that the point size is increased to allow visualization at this large scale, resulting in an exaggerated impression of the areal extent.





Estimated Kelp Forest Areas

The estimated kelp forest areas for each Nordic country’s EEZ are given in Table 1. Large areas of Laminaria forests are estimated for Norway and Iceland, and to some degree for Denmark and the Faroe Islands. Saccharina forests are estimated to be largest in Norway and Greenland. The all-including estimate of Laminaria forests for Denmark (in parentheses in Table 1) is an overestimate as the predicted areas include known areas with soft bottom substrate. The model also predicted presence of Saccharina along the northern and eastern coasts of Greenland and Svalbard, which are seasonally or permanently ice-covered and where we lack observational data, thus, these estimates are considered uncertain. It should also be noted that the models only include two out of several genera contributing to kelp forests around Greenland, thus the cover of kelp forests there may be underestimated.


Table 1 | Predicted kelp forest area (km2) of the genera Laminaria and Saccharina per Nordic country or region.





Associations With Environmental Variables

Eight explanatory variables were kept in the final BRT model for Laminaria, with the most important being mean sea ice cover, bottom depth and wave fetch (Figure 4). The results indicated that Laminaria forests are associated with low sea ice cover, bottom depths shallower than 30 m and high wave fetch. Moreover, mean SST at around 9-10°C, mean SSS above 25, and mean PAR at the surface around 25-30 mol photons m-2 day appeared favorable for Laminaria.




Figure 4 | Partial dependence of presence of Laminaria (two upper rows) and Saccharina (two lower rows) forests to the environmental variables kept in the final models, sorted according to degree of influence. The plots show the effect of a variable after accounting for the average effects of all other variables in the model. Grey dashed lines show the marginal effect of the variable and solid black lines give a smooth representation of the response. Numbers in brackets provide the relative contribution of the given variable. The grey rug on the x-axis shows the location of data with recorded presence of Laminaria or Saccharina kelp forest, while the x-axis range is determined by the full datasets including absences.



For Saccharina, bottom depth was the most important explanatory variable among the six variables selected in the final model, and the results again indicated that forests are found in areas shallower than 30 m (Figure 4). In addition, Saccharina forests responded negatively to wave fetch, in contrast to Laminaria, and showed a more complex response to PAR. The most important pairwise interactions identified in the BRT models were between wave fetch and mean PAR for both Laminaria and Saccharina (Supplementary Figure 9).

To further investigate associations with environmental predictor variables and any discrepancies between observations and model predictions, we quantified the variation in the variables at the observed and predicted kelp forest locations, after masking out uncertain/unrealistic model predictions (Table 2). Laminaria forests were on average found in areas with higher wave fetch and current velocity, and in somewhat deeper areas than Saccharina forests. The predicted environmental niches largely agree with the observations with some exceptions. For example, the lowest values of mean SSS, mean PAR and mean SST in grid cells with predicted presence of Laminaria and Saccharina forests are lower than what is indicated by the observations, and the mean SST in areas of predicted Saccharina forests is lower than the mean SST in the location of observations. Both species are predicted to form forests in areas with mean SST values down to -2 ˚C, although the minimum SST value at grid cells with kelp forest observations are -0.1 and 0˚C for Laminaria and Saccharina, respectively.


Table 2 | Variation in environmental variables (minimum, mean and maximum values) in grid cells with kelp forest observations and in grid cells with predicted presence of kelp forest, after masking out unreliable predictions (see main text).





Model Evaluation

Overall, the BRT models performed well, with the Laminaria model performing better than the Saccharina model (Table 3). Deviance explained, correlation with data and the AUC score were calculated both with training data (used to fit the model) and from cross-validation (CV, with new data, i.e., the portion of data withheld during each model fitting step), and the CV scores are used to evaluate the models’ predictive performance. High scores with training data compared to CV indicate overfitting, but despite a tendency of overfitting, the predictive performance of BRT is generally better than other methods (Elith et al., 2008).


Table 3 | Evaluation statistics for the BRT models.



Further details about the models’ performance are found in the Supplementary material (Supplementary Table 1). In short, when comparing observations and model predictions, both the Laminaria and Saccharina models correctly predicted absence in locations of actual absences (>97% of observed absences were predicted to be absences), the Laminaria model correctly predicted presence of kelp forest in 85% of the actual kelp forest observations and the Saccharina model in 76% of the cases.




Discussion

We here present the first distribution maps and estimated areas of kelp forest in the Nordic region based on distribution models developed from compiled data from multiple national monitoring and research programs. In contrast to previous efforts to model large-scale kelp distributions using species occurrence data (Raybaud et al., 2013; Jayathilake and Costello, 2020), our study is based on quantitative data of coverage (%) or semi-quantitative data of densities. This allows us to distinguish and model the distribution of true kelp forests instead of occurrences of single or few plants. By forming three-dimensional biogenic habitats, kelp forests support high levels of biodiversity and production, serve as nursery grounds for commercial fish and invertebrates, and provide a range of additional ecosystem services (Smale et al., 2013; Wernberg et al., 2019). Mapping the areal distribution of kelp forests is a critical first step to quantify their value on regional and global scales and serves as a baseline for future studies of loss or increase (Jayathilake and Costello, 2020).

We combined several large datasets collected with different measures to provide an overall picture of the distribution and total area of kelp forests for the full Nordic region, suitable for discussing the kelp forests’ role at a larger scale. This large-scale approach required several assumptions and simplifications that should be kept in mind when interpreting the results. First, we used a minimum 50% cover threshold (or ‘moderately dense’/‘dense’ cover) to define ‘kelp forest’, which is used in the Norwegian national mapping program to identify large contiguous kelp forests (Bekkby et al., 2013). Areas with less dense kelp cover could still constitute healthy and ecologically important habitats, thus, our results should be considered minimum estimates for the distribution of moderately dense/dense kelp forests. Secondly, we did not include data on kelp species that may be important in parts of the Nordic region (e.g., Agarum clathratum and Alaria esculenta in Greenland), which may lead to an under-estimation of the total kelp forest distribution in these areas. Moreover, the semi-quantitative classification of kelp density (for the Norwegian and Faroese data) and the quantification of kelp cover (for the remaining data) are based on somewhat different approaches between countries (see the Supplementary Material), and are subject to somewhat subjective decisions that may be differently interpreted between countries and field workers. E.g., data collected by divers covering large areas (as for Denmark and Greenland) might lead to lower percent kelp cover estimates than data collected with underwater cameras with a restricted view (as for Norway). At the same time, the chance of observing kelp will increase with the size of the sampling unit. Also, the relatively coarse environmental layers do not capture fine-scale variation in important predictor variables such as bottom depth and light availability, but there are no reasons to assume that the low resolution causes a systematic bias at the pixel level that leads to under- or over estimation of our overall estimates. Finally, we selected a specific criterion (maximizing kappa) to translate estimated probabilities to predicted presence of kelp forest. Using other criteria would have given slightly different predictions, but maximizing kappa gave the best fit of the model predictions to the data. In light of these caveats, the model results are unsuitable for pinpointing exact positions of kelp forests or for management actions at local scales.

The models indicate that Laminaria and Saccharina, the dominant kelp genera in the Nordic region, form blue forests that cover a total of around 12 000 km2, and likely more if we consider areas in the northern part of the region that have not had any observations to be included. This is almost 1% of the estimated global kelp area (Jayathilake and Costello, 2020) and 0.34% of the global macroalgae area, which is estimated to be 1,469,900 km2 and 3,540,000 km2, respectively (Duarte et al., 2005; Krause-Jensen and Duarte, 2016). But considering that the global kelp estimate is based on occurrence data, i.e., including densities lower than our definition of kelp forest, the Nordic region’s contribution to the global kelp area is probably much higher than 1%. It should also be noted that our models are based on current presences and absences of kelp forest, thus, the model predictions represent today’s kelp forest distribution. The potential distribution of kelp forests is likely larger, e.g., in areas which have been heavily grazed by sea urchins (e.g., areas in Norway and Greenland, Norderhaug and Christie, 2009; Krause-Jensen et al., 2012) or where loss of sea ice is increasing the habitat suitability for kelp (e.g., in Greenland and Svalbard, Filbee-Dexter et al., 2019). The presence of sea urchin barrens may have resulted in the models misattributing kelp absence to abiotic variables. However, excluding areas of sea urchin barrens would not necessarily solve this, as the sea urchin barrens have abiotic conditions suitable for both kelp and sea urchins. More knowledge is needed to be able to disentangle the complex interactions of biotic and abiotic factors that enhance sea urchin barrens (see e.g. Christie et al., 2019a).

Kelps occupy rocky substrates from just below the tidal zone down to ~30 m (although individual specimens can in extreme cases penetrate deeper than 60 m along the Greenland coast, and to depths beyond 100 m in deep-water refugia, Graham et al., 2007; Krause-Jensen et al., 2019). Laminaria is typically found in current- and wave-exposed areas, while Saccharina lives more sheltered (Bekkby et al., 2009; Bekkby and Moy, 2011). Our distribution models capture this pattern, with increasing probability of presence of Laminaria forests with increasing wave fetch and current velocity, whereas the probability of presence of Saccharina forests was at the lower end of both of these environmental variables (Figure 4). Ice cover was ranked as the most influential environmental variable for Laminaria. The response pattern indicate presence of Laminaria in ice-free and low-ice areas only. Ice-cover was not included in the simplified model for Saccharina, and Saccharina was predicted to occur in both ice-free and periodically ice-covered areas. This likely reflects the observations that Laminaria is widely distributed along the ice-free Norwegian coast (but is also found in periodically ice-covered areas of the eastern coast of Greenland). Since Saccharina occupies more sheltered areas than Laminaria, the relatively coarse environmental layers may be less suitable to represent its environmental niche compared to Laminaria, as suggested by the poorer model fit for Saccharina.

The models indicate that kelp forests are most widespread along the coasts of Norway, Iceland, Greenland, and Denmark (the overestimate for Denmark is discussed below). The models predict little to no kelp forests along the Swedish and Finnish coasts in the brackish Baltic Sea, which is in accordance with observational data. The areal extent of L. hyperborea and S. latissima has previously been estimated for Norway by Gundersen et al. (2011), using rule-based GIS-models, and by Frigstad et al. (2021), using high-resolution (25 m × 25 m) environmental data. We here estimated the kelp forest areas along the Norwegian coast to be around 7 000 km2 and 1 000 km2 for Laminaria and Saccharina, respectively, which is comparable to the results in the previous studies (3 810 to 5 900 km2 and 2 000 to 3 607 km2 for L. hyperborea and S. latissima, respectively, Gundersen et al., 2011; Frigstad et al., 2021). This indicates that our relatively coarse models capture well the overall distribution of kelp forests of these species.

Krause-Jensen et al. (2020) estimated the total potential area for subtidal macroalgae in the Arctic region to be 514,679 km2, or 267,633 km2 when adjusting for substrate. Country-specific estimates (subtidal macroalgae after substrate-adjustment) were 48,026 km2 for Greenland, 10,771 km2 for Iceland, 15,080 km2 for Northern Norway and 1,945 km2 for Svalbard. These estimates were from BRT and adaptive boosting models based on records of all brown macroalgae (i.e., not only kelp) and all coverages (i.e., not only forests), and are therefore expected to give higher estimates than our models restricted to presence of Laminaria and Saccharina kelp forests. Thus, our estimates represent the current area of moderate to dense forests of Laminaria and Saccharina, and do not show the full potential area of macroalgae in the Nordic region. The differences also illustrate the importance of using quantitative data compared to presence/absence for the results and interpretations of distribution models.

Kelp forests in moderately wave exposed and sheltered areas between 63 and 71°N along the Norwegian coasts were totally grazed by the sea urchin Strongylocentrotus droebachiensis from the 1970s to 1990s. Since the 1990s the kelp forest has gradually recovered in the southern part, likely due to a combination of increased temperatures, being harmful for the sea urchin recruits (Fagerli et al., 2013), and the northwards expansion of crab species that prey on the urchins (Rinde et al., 2014; Christie et al., 2019a). In the most northeastern part of the grazed area, kelp is recovering due to increasing abundance of the red king crab (Christie et al., 2019a). At medium latitudes (below ~67°N), the Laminaria kelp forest is still being grazed down by urchins (Rinde et al., 2014). In southern Norway, a combination of increased temperature, eutrophication and overfishing is likely responsible for a loss of Saccharina in many areas (Moy and Christie, 2012; Sogn Andersen et al., 2013; Filbee-Dexter and Wernberg, 2018) and a shift back and forth between Saccharina and turf algae (Christie et al., 2019b). The Norwegian kelp data mainly cover the period from 2007 to 2018 (Bekkby et al., 2013). Absences of Laminaria and particularly of Saccharina in grazed areas in the north and in areas dominated by turf algae in the south, will cause our area estimates to be lower than the full potential for kelp for Norway, and possibly also lower than today’s distribution due to the recent recovery of kelp in the north.

Iceland and the Faroe Islands were predicted to host large areas of Laminaria kelp forest but little or no Saccharina kelp forests (Table 1). The lack of predicted Saccharina forest is likely driven by the high mean current velocity around the Faroe Islands and along the southern coast of Iceland, and the high wave exposure around the Faroe Islands (Figure 2, the wave exposure data did not cover Iceland). The northwestern coast of Iceland is less exposed, and Saccharina forests were predicted to be present in this region. We were not able to obtain quantitative datasets from Iceland to include at the time of the analyses, but we know from other studies that species of both Laminaria and Saccharina, in addition to other kelp species such as Alaria esculenta, are present along the coast of Iceland (Munda, 1987; Gunnarsson and Hauksson, 2009).

The modelled kelp distribution for the Faroe Islands reflected the observational data available from the archipelago, which showed that although both Saccharina and Laminaria form forests here, Laminaria is more abundant (~40% of all 297 survey stations were classified as being covered by Laminaria forest, compared to only 8% being covered by Saccharina forest). Interestingly, a local study found that L. digitata was present and abundant throughout the exposure range in the Faroe Islands, while S. latissima had limited abundance but was present in areas with high exposure (Bruntse et al., 1999), opposite to the pattern for L. hyperborea and S. latissima in Norway (Bekkby et al., 2009; Bekkby and Moy, 2011).

The models predicted large areas of kelp forest around Denmark (Figure 3), despite few observations of dense kelp forests (Figure 1). The Danish coast is mostly soft bottom, with occasional boulder reefs, scattered stones, or man-made structures where kelp can grow. The models therefore overestimate the current cover of kelp in Danish soft-bottom areas (although the model may simultaneously underestimate the cover of kelp forests in areas influenced by less saline Baltic water, Møller Nielsen et al., 2016). We therefore masked out predictions in soft bottom areas using a detailed substrate layer available for Denmark. To improve model predictions, substrate should be included as a predictor variable, but there are no suitable data covering the full Nordic region. For example, seabed substrate data for Europe are available from EMODnet (emodnet-geology.eu), but the coverage is relatively poor (e.g. Greenland and the Faroe Islands are not included) and the resolution too coarse to correctly represent the high local variation in substrate. In result, a high fraction of the observed presences of kelp forest (~50-60%) were classified to occur on other substrates than hard bottom, which could result in biased model predictions as kelp forests are not associated with soft bottom areas. We therefore decided to not include it as a model variable. Obtaining and implementing high-resolution substrate data would thus constitute a significant step forward in kelp forests distribution modeling. Importantly, apart from having the right substrate, our results indicate that the Danish west coast has favorable environmental conditions for kelp growth, with shallow depths (i.e., sufficient light), high wave fetch, high salinity, and no ice. This region thus appears suitable for kelp growth through cultivation, artificial reefs, or restored boulder reefs.

Along the Swedish coast, kelp forests are mostly limited by salinity. Hard bottom habitat with large biomasses of macroalgae including Laminarales occur at around 2-17 m depth along the northern part of the Swedish Skagerrak coast where surface water is 20-30 psu (Pedersén and Snoeijs, 2001; Karlsson, 2007; Stål and Pihl, 2007). In the Kattegat, surface salinity declines to 15-25 psu, but more saline Atlantic water is present below the halocline. Here, kelps are found on offshore boulder reefs at depths at around 7-12 m, or even down to 20 m (Pedersén and Snoeijs, 2001; Wikström and Lindegart, 2012). Our models reflect that Laminaria and Saccharina forests are present along the Skagerrak coast but decline with low sea surface salinity. The sharp decline in our models, likely driven by the lack of kelp in the brackish Baltic Sea, might however have led to an underestimation of kelp forest cover for Sweden, in particular in offshore boulder reefs in the Kattegat where salinity increases with depth and kelp forests of L. digitata, L. hyperborea and S. latissima may reach higher cover than along the coast (Pedersén and Snoeijs, 2001; Wikström and Lindegart, 2012).

The knowledge on the distribution of kelp forests along the Greenland coast is limited; a few studies have been conducted along the west coast (Krause-Jensen et al., 2012; Krause-Jensen et al., 2019), and a recent survey provided the unpublished data from the east coast included in this study (Wegeberg et al., unpublished data). Considering Greenland’s long coastline, the estimates for Greenland are therefore highly uncertain. Moreover, kelp species in other genera than the ones included here, such as Alaria esculenta and Agarum clathratum, are important contributors to Greenland’s kelp forests. Therefore, focusing on Laminaria or Saccharina only may lead to an underestimation of kelp distribution for Greenland. Similarly, if different kelps occur in combination, using a threshold of 50% cover of Laminaria or Saccharina could lead to an underestimation. However, we found that across the Nordic countries, these genera are rarely found together, and summing their individual cover rarely changed the classification of a station from absence to presence of kelp forest. We therefore opted to model their distribution separately, as they occupy different environmental niches.

The Saccharina model predicted presence of forests along the coast of Greenland from the south to at least 78°N, which is the northernmost observation of Saccharina forest in the dataset included here (Krause-Jensen et al., 2012). In addition, the Saccharina model indicated presence of kelp forest along the northern coast where we lack observational data and mean sea ice concentration is high (>0.5 on a scale from 0-1). While these predictions might be false positives, it is worth noting that even north of 81°N along the northeastern Greenland coast, mean sea ice concentration is always <1 and often <0.7, and mean PAR values often >30 (before extrapolation). Therefore, the environment could be periodically favorable for kelp growth, and will likely become increasingly favorable with further climate warming and concurrent reductions in sea ice cover (Filbee-Dexter et al., 2019; Krause-Jensen et al., 2020).

Similarly, the Svalbard archipelago is predicted to be a suitable area for Laminaria and, to a larger extent, Saccharina kelp forests in our models. Several studies have mapped species richness of macroalgae in fjords around Svalbard (Fredriksen et al., 2019 and references therein). However, most data from Svalbard are presence-only (Krause-Jensen et al., 2020), and we did not obtain suitable quantitative data to include in the models. Nevertheless, Laminaria, Saccharina and other kelp genera are known to be present, with L. digitata and S. latissima being among the dominant species in the sublittoral zone (Fredriksen and Kile, 2012; Hop et al., 2016; Fredriksen et al., 2019). A study from Kongsfjorden showed an increase in kelp biomass with recent warming, especially pronounced for L. digitata (Bartsch et al., 2016).

On a global scale, kelps occur in areas with mean SST ranging from 5°C to 25°C (Jayathilake and Costello, 2020). Since the Nordic region mostly falls within the lower part of this temperature range, one can expect that climate warming would increase rather than decrease the extent of kelp forests in the region, as is indicated by recent observations in the Arctic (Bartsch et al., 2016; Krause-Jensen et al., 2020). However, this is not the case for the southern part of the region. Summer temperatures in the surface water of Skagerrak has increased by 1.6˚C from the 90s until 2014 (Rinde et al., 2016), approaching the lethal temperatures for kelp macrophyte development and growth which is around 21-23˚C (Bolton and Lüning, 1982). Additionally, increased temperature in combination with other environmental stressors, such as nutrient enrichment favoring small and fast-growing filamentous algae (“turf”), now pose a threat to kelp forests in widespread areas across the globe, also in the Nordic region (Filbee-Dexter and Wernberg, 2018).

During the past few decades, the importance of vegetated coastal habitats for various ecosystems services, including as natural carbon sinks, has been recognized (Duarte and Cebrián, 1996; Duarte et al., 2005; Nellemann et al., 2009), but the magnitude of their role is still uncertain. Resolving the large uncertainty regarding the distribution and area occupied by blue forests is considered as the most critical step to identify their roles in the global carbon cycle (Duarte, 2017). In combination with estimates of biomass and rates of net primary production and carbon sequestration, the areal estimates presented here sets the scene for calculating the carbon budget of kelp forests in the Nordic region (see Frigstad et al., 2021 for a recent example). Moreover, the distribution maps can be coupled to regional ocean models to infer the fate of the export of kelp material (e.g. Filbee-Dexter et al., 2020), which is another key knowledge gap in the carbon budgets (Duarte, 2017). Finally, data on species diversity, biomass of commercial species, effects on water quality, primary production, etc., can be scaled up by the areal estimates to contribute to the discussion on the importance of kelp forests and their contribution to ecosystem services.
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Model

Training cv Training cv Training cv
Laminaria 0.73 0.63 0.87 0.8 0.99 0.97
Saccharina 0.67 0.47 0.78 0.59 0.99 0.96

Deviance explained is the percentage of deviance for the null model (no pattem in the data)
explained by the fitted model (1 for a perfect model). Correlations are calculated between
observational data and model predictions. The area under the curve (AUC) ranges
between 0 and 1, where 0.5 indicates that the model classifies presence/absence no
better than random, and 1 indicates perfect prediction. All metrices are calculated both
from training data (data used for model fitting) and from cross validation (CV) (data omitted
from the model fitting, i.e., 30 or 40% of the data at each iteration for Laminaria and
Saccharina, respectively).
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Country/region Laminaria Saccharina
Norway 6797 (14486) 1303 (1308)
Svalbard 0 (464) 172 (850)
Denmark 567 (8120) 121)
Greenland 42 (53) 834 (1251)
lceland 1649 (4612) 54 (54)
Faroe Islands 275 (1631) 0()
Sweden 36 (36) 21 21)
Finland 0(0) 0(0)
Total 9366 (29402) 2385 (3500)

Number in parentheses include predictions in grid cells north of the northernmost
observation or deeper than the deepest observation, or where the substrate is
classified as soft bottom (for Denmark), i.e., predictions shown in light blue in Figure 3.
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