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Abstract
Understanding how phytoplankton communities respond to environmental changes is critical for mitigating

the impact of changing oceans. To identify the main drivers of changes in phytoplankton community composi-
tion and species richness, hierarchical modeling of species communities (HMSC) was used to model the summer
phytoplankton communities from 29 sites, sampled between 1972 and 2017, in the Helsinki Archipelago,
Finland. Models were fitted to both occurrence and abundance data. Spatial–temporal random effects accounted
for most of the variance explained, followed by sea surface temperature (SST) and total phosphorus for both
models. Statistically supported relationships between SST and occurrence emerged for most species. Two statisti-
cally supported trait–environment relationships were detected; however, species responses to environmental
variables were strongly linked to taxonomic relatedness. A negative relationship between species richness and
temperature was found. The results indicated that, independent of seasonal succession, the abundance of cyano-
bacteria was predicted to increase with increasing temperature, while the abundance of diatoms was predicted
to decrease. This trend was most notable in the hurdle model, suggesting that even if species are not completely
lost, there is still a shift in dominance from diatoms to cyanobacteria with increasing temperature. Additionally,
higher total phosphorus levels also resulted in increased abundance of cyanobacteria. The primary environmen-
tal drivers of changes in the community composition of phytoplankton in the Helsinki Archipelago were SST
and total phosphorus; however, the community is not temporally stable. The Baltic Sea is becoming warmer;
therefore, summer phytoplankton communities are expected to be increasingly dominated by cyanobacteria.

Understanding how marine plankton communities respond
to the rapidly changing oceans is critical. Rising global tem-
peratures drive increases in sea surface temperature (SST), and
over the last decade this rate of change has accelerated
(Garcia-Soto et al. 2021; Venegas et al. 2023). Rising global
temperatures further impact oceans by reducing Arctic ice cov-
erage (Kumar et al. 2020; Meier and Stroeve 2022), rising sea
levels (Nerem et al. 2018; Frederikse et al. 2020) and altering
ocean circulation (Peng et al. 2022). Ocean chemistry is also
impacted by climate change, an example of which is higher
atmospheric CO2 levels resulting in ocean acidification (Bates

et al. 2014). While anthropogenic CO2 impacts the oceans at
large, nutrient runoff from coastal settlements and rivers leads
to eutrophication, resulting in harmful algal blooms (HAB)
(Glibert and Burford 2017; Devlin and Brodie 2023). Phyto-
plankton make up the base of the aquatic food web; thus,
changes in their community composition can result in cascad-
ing effects that have lasting impacts on other species. Like-
wise, climate change has also been shown to result in
cascading effects down the food web, leading to changes
in phytoplankton community structure (Murphy et al. 2020).
Species distributions, and by extension the community com-
position of phytoplankton, have changed as a result of chang-
ing oceans, such as changes in ocean currents (Oziel et al.
2020), and in general as a result of long-term alterations in
environmental conditions (Barton et al. 2015).

Climate change affects all oceans and seas; however, local
conditions can accelerate or buffer against global trends. The
Baltic Sea is one of the planet’s fastest-warming seas, with SST
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having increased at a rate of 0.4�C decade�1 between 1950
and 2020 (Stockmayer and Lehmann 2023). In line with the
global trend, the rate of warming in the Baltic Sea has
increased in recent years (Meier et al. 2022). The Baltic Sea is
relatively shallow, with a mean depth of 53 m (Jakobsson
et al. 2019). The semi-enclosed Baltic Sea is naturally suscepti-
ble to eutrophication due to the long residence time (26–
29 years) of water (Döös et al. 2004). Additionally, the Baltic
Sea is bordered by nine countries, home to approximately
85 million people (Snoeijs-Leijonmalm and Andrén 2017).
Anthropogenic nutrients are known to be the primary driver
of eutrophication in the Baltic. Nutrient input peaked in the
1980s but has decreased in recent decades with the implemen-
tation of improved wastewater processing (Andersen et al.
2017). Phytoplankton summer community composition has
changed in the Baltic Sea over time; however, these changes
were not related to eutrophication patterns (Olli et al. 2011).
Pigment analysis indicated a decrease in the abundances of all
phytoplankton groups other than cyanobacteria in the
southern Baltic between 1999 and 2018 (Sto�n-Egiert and
Ostrowska 2022). As a result of increasing sea surface tempera-
ture, cold-water phytoplankton species are at risk of dis-
appearing from the spring bloom in the southern and central
Baltic Sea (Paul et al. 2023).

Flexible statistical approaches are required to quantify com-
munity changes over time, identify the underlying drivers,
and make predictions under multiple future change scenarios.
As communities are made up of species, these methods need
to account for different species’ responses to abiotic drivers
and biotic interactions between species. Joint species distribu-
tion models (JSDMs) are a relatively new method for modeling
species communities (Ovaskainen and Soininen 2011). Single
species distribution models (SDMs), which predate JSDMs,
can be “stacked” to make inferences and predictions at a
community level (Guisan and Rahbek 2011; Calabrese
et al. 2013). The stacked SDM approach results in a commu-
nity prediction based on each individual species relation-
ship to the covariates considered (Ferrier and Guisan 2006;
Guisan and Rahbek 2011); thus, it misses important com-
munity assembly processes (Guisan and Rahbek 2011). Joint
species distribution models avoid this by modeling taxa
jointly, rather than independently as stacked SDMs do
(Ovaskainen and Soininen 2011).

Hierarchical modeling of species communities (HMSC) is a
Bayesian hierarchical JSDM that is strongly linked to commu-
nity assemblage theory (Ovaskainen and Abrego 2020). HMSC
models the joint structure of environmental filtering by all-
owing for the optional inclusion of trait profiles and phyloge-
netic relationships (Ovaskainen et al. 2017; Ovaskainen and
Abrego 2020). This hierarchical structure improves the model
performance overall; however, it is particularly notable when
making predictions of rare species (Ovaskainen and
Soininen 2011; Poggiato et al. 2021). HMSC allows for the
estimation of several ecologically relevant parameters. These

include the β parameters, which represent species–environ-
ment responses and thus the realized niche of each species.
The parameter ρ represents the phylogenetic signal between
species (i.e., phylogenetic structured responses to the environ-
mental variables), while γ indicates the relationship between
traits and the environment. Finally, residual species–species
co-occurrences are captured by the Ω parameters. Poggiato
et al. (2021) caution against blindly interpreting the residual
correlation matrix produced by JSDMs as biotic interactions.
This applies to the HMSC’s Ω parameters as well; these should
always be interpreted with respect to the random effect that
they are related to. For example, co-occurrences in 100 km2

plots should not be attributed to direct competition
(Ovaskainen and Abrego 2020), but rather other scale-
appropriate shared responses to unmeasured variables. The
HMSC model makes use of hidden variables, otherwise known
as latent factors, to model residual co-occurrence between spe-
cies. Thus, some species co-occurrences might not be biotic in
nature but linked to different species responding differently to
latent factors; this is likely the case with temporal random
effects. For example, spring temperatures are warming in the
Baltic Sea, and species A requires cooler springs while species B
requires warmer springs; the resulting co-occurrence will be a
negative correlation between species A and B based on year.
However, in this case, the driver is an unmeasured environ-
mental variable rather than biotic interactions. These cautions
apply to the interpretation of parameters and their ecological
links. When applied correctly, JSDMs are very powerful
explanatory and predictive tools.

This study aims to identify the major drivers of changes in
phytoplankton community composition and species richness
over the period 1972–2017 in the Helsinki Archipelago,
Finland, using HMSC. This study adds to Olli et al.’s (2022)
study on phytoplankton communities in the Helsinki Archi-
pelago, which utilized direct ordination, by investigating phy-
toplankton responses at a species level. Olli et al. (2022) found
that the primary explanatory variable for community differ-
ences was the sampling year, followed by nutrient loading at
sites nearest to nutrient runoff sources. Based on previous
findings, it is hypothesized that the sampling year will be a
major explanatory variable for community differences in Bal-
tic Sea phytoplankton. The use of HMSC allows for the identi-
fication of trait-environment relationships and information
about shared phylogenetic responses. Thus, HMSC allows for
testing the hypothesis that species responses to environmental
variables are taxonomically structured. The use of a JSDM
allows for species-level predictions to be made and these can
be aggregated. Thus, it allows for both community summary
statistics (e.g., richness) and changes in group-level dynamics,
such as shifts between diatoms, dinoflagellates, and cyano-
bacteria, to be identified as the net result of changes in their
constituent species. Based on the results of previous studies
(Hällfors et al. 2013; Andersson et al. 2015; Anderson
et al. 2021; Benedetti et al. 2021), SST and nutrients are
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hypothesized to influence community composition at a group
level, specifically favoring cyanobacteria species.

Methods
Study area and data

Data obtained by Olli et al. (2022) from the City of Helsinki
Urban Environment Division were utilized. These data consist
of phytoplankton counts and associated environmental obser-
vations from the Helsinki Archipelago, located between 24.5�

and 25.4� E at a latitude of 60� N (Fig. 1), over a 52-year period
(1966–2018). The study area contained 29 stations, with a
depth range of 2.5–51 m (median 18 m); all but one of these
stations were located within 11 km of the mainland coastline.
The furthest station was 23 km from the coastline. Nutrient
levels in the region were relatively high, particularly at the sta-
tions nearest Helsinki, and peaked in the 1970s.

To focus on summer phytoplankton communities, only
observations between 1 June and 30 September were utilized
in this analysis. The data were filtered to retain samples with
observations for water temperature, salinity, total nitrogen,
and total phosphorus, known to be highly influential environ-
mental variables for phytoplankton in the Baltic Sea (Olli
et al. 2011; Wasmund et al. 2011; Berthold et al. 2025). All
samples were taken at a depth of between 5 and 10 m
(depending on station depth) and contained station-specific
values for water depth, the distance to the mainland coastline,

longitude and latitude. The filtered dataset contained 2703
unique phytoplankton and water chemistry samples, with a
reduced temporal range (1972–2018) and southern spatial
extent. The temporal range was reduced to exclude 2018, as
only three offshore stations were sampled. The inclusion of
this year would confound spatial and temporal effects in the
model. The phytoplankton data contained 566 different taxa,
with 410 of these identified to a species or subspecies level.
These data included ciliates containing autotrophic endo-
symbionts (e.g., Mesodinium rubrum) and the heterotrophic
Telonema subtile. The observations that were not resolved to at
least the species level were excluded to maintain a consistent
taxonomic level. To reduce the influence of rare species, only
species present in at least 5% (135) of the samples were
retained. Thus, the final dataset included 80 species and cov-
ered a temporal range of 45 years (1972–2017).

Trait data for the binary traits; nitrogen fixation, mobil-
ity, presence of silica, and nutrient source (auto-, hetero-,
or mixotrophy), were obtained from Klais et al. (2016) as
these are functional phytoplankton traits (Litchman and
Klausmeier 2008). These traits were also well-defined for
species in the existing database. The taxonomic IDs (Aphia)
were verified against the World Register of Marine Species
(WoRMS 2024) to account for taxonomic changes since
2015. Genus-level traits were used for three species, for
which species-level trait information could not be
obtained.
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Fig. 1. Map of the Helsinki Archipelago showing the location of the sampling sites; the inlay indicates the location of the study area (red box) relative to
Southern Finland.
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Modeling
Prior to model construction, the pairwise correlations

between environmental variables and sampling year were ana-
lyzed for strong correlation (> 0.75) to avoid multicollinearity.
Depth and distance from the coast were highly correlated with
each other. Depth was retained due to the fragmented nature
of the coast. Nutrient loading is known to be linked to year
and location; however, there was no strong linear correlation
between year and total nitrogen or phosphorus over the full
sampling period (Supporting Information Fig. S2). Note that
at the start of the temporal range, a relationship between year
and nutrient concentration was present at some of the sites
closest to Helsinki. Total nitrogen and phosphorus appeared to
be correlated at lower nutrient loads; however, the relationship
displayed heteroscedasticity. Spearman’s rank correlation coeffi-
cient indicated a strong correlation (> 0.75); thus, total nitrogen
was excluded as it contains both dissolved inorganic nitrogen
(DIN) and nitrogen produced by nitrogen fixation. Many cya-
nobacteria, which are present in the summer community, are
nitrogen fixers, adding to the total nitrogen pool (Larsson
et al. 2001; Wulff 2017). As a result, total phosphorus was con-
sidered a more reliable measurement of eutrophication.

Potential drivers of summer phytoplankton community
composition were investigated using HMSC (Ovaskainen
et al. 2017; Tikhonov et al. 2020). Sea surface temperature,
salinity, total phosphorus, station depth, and day of the year
were included as fixed effects in the model. Additionally, the
inclusion of average temperature in April and year as fixed
effects was tested using candidate models. All variables, except
station depth and year, were included as second-order polyno-
mials to account for species niche optima being present
within the sampled ranges (Peltonen and Weigel 2022; Weigel
et al. 2022). Site coordinates were included as an explicit spa-
tial random effect. To account for annual stochasticity,
unrelated to the fixed effect of year, sampling year was
included as a categorical random effect (Weigel et al. 2022).
Taxonomic relatedness was included as a proxy for phyloge-
netic differences (Tikhonov et al. 2024). The model requires
all taxonomic units to be at the same level (i.e., species, genus,
or other OTU). For the purpose of taxonomic relatedness, sub-
species, forma, and varieties were treated as though they were
species, thus one taxonomic level away from genus. The fol-
lowing taxonomic levels were used: Kingdom, Phylum, Order,
Family, Genus, and Species, with a distance of one between
each level.

Model comparison was performed on candidate models
(Supporting Information Table S1), to determine whether
model performance was improved by the inclusion of fixed
effects relating to sampling year. Models were compared using
the Widely Applicable Information Criterion (WAIC) as the
primary information criterion (Watanabe 2010). All models
were implemented using the R (R Core Team 2023) package
Hmsc-R (Tikhonov et al. 2024) and the Python-based
Hmsc-HPC (Rahman et al. 2024). Hmsc-HPC is a TensorFlow-

based sampling routine which is executed in Python; this
approach increases the sampling speed. High-performance
computing (HPC) was used for model fitting; scripts were run
on the University of Helsinki Ukko Cluster. The maximum
number of latent variables related to year and location was set
to 6 and 11, respectively. All models were fitted assuming
default prior distributions (Ovaskainen and Abrego 2020).

Model convergence was evaluated using potential scale
reduction factors (psrf) (Gelman and Rubin 1992), a target
value of < 1.1 was set for convergence. However, convergence
of the Ω parameter is known to be challenging for models that
contain latent factors, especially in non-normal models
(Ovaskainen and Abrego 2020). A median psrf value of < 1.15
was considered acceptable for the Ω parameters. To achieve
acceptable convergence, models were fitted using 281,250
burn-in steps, followed by 562,500 sampling steps. Sampling
was thinned by 750, resulting in 750 retained posterior sam-
ples. All models were fitted using 4 chains. Default priors were
used for all parameters (Ovaskainen et al. 2017).

To account for zero inflation in the data, a hurdle model
approach was used. Hurdle models consist of an occurrence
model and an abundance conditional on presence model
(Cragg 1971). The occurrence model was fitted to binary data
calculated from the observed species abundances, recorded as
biomass (μg L�1). The abundance conditional on presence
model was fitted to log-transformed abundance data. Prior to
log transformation, zero observations were removed; thus,
they were treated as missing observations, allowing the model
to interpolate during fitting. The log-transformed abundance
data were scaled using z-scoring during HMSC fitting; as a
result, the parameter estimates from the conditional abun-
dance are uninformative (Ovaskainen and Abrego 2020).
Therefore, only the parameter estimations from the occur-
rence model were reported. Back-transformation of scaled
community data was performed when making predictions.
The log-transformed conditional abundance predictions were
back-transformed. Community predictions were made by mul-
tiplying the predicted values from the occurrence and condi-
tional abundance models.

The explanatory and predictive power of both models was
evaluated. Explanatory power was evaluated by using the full
dataset for both training the model and making predictions.
Predictive power was evaluated based on the models’ ability to
make predictions from separate training data, using k-folding
with 5 folds. The following metrics were used to evaluate the
predictions: Tjur’s R2 and the Area Under the Curve (AUC)
were used for the occurrence model (Pearce and Ferrier 2000;
Tjur 2009), while R2 values were used for the conditional
abundance model (Ovaskainen and Abrego 2020). The model
was considered over-fitted if the predictive power was less
than 4/5 of the explanatory power. Final model selection was
based on the combined performance of the occurrence and
conditional models, since combining these models required
them to be equivalent.
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Results
The model selection metrics indicated that the removal of

neither the fixed effect of year nor mean April temperature
improved model performance. Thus, considering both the
abundance and occurrence models, the best candidate model
included random effects for year and spatial distance between
sites, and fixed effects for temperature, salinity, total phospho-
rus, mean April temperature, day of the year and year (see
Supporting Information Table S1).

Convergence and validation
Both the conditional abundance and occurrence models

had good convergence for their respective β and γ parameters
(mean < 1.02). However, both models had worse convergence
for the Ω related to the random effect of year (mean: 1.03 and
1.15, Supporting Information Fig. S3).

Neither model displayed clear indicators of overfitting, with
near equal predictive and explanatory power across 5 folds
(Supporting Information Fig. S4). However, the explanatory
power of the conditional model is expected to be higher than
the predictive power since zeros are encoded as missing data.

Drivers of the phytoplankton community
The random effects of sampling year accounted for the

highest proportion of the variance in both occurrence and
conditional abundance models (mean: 15.8 and 13.4%,
respectively), followed by the fixed effect of year (mean: 9.5
and 11.1%, respectively, Fig. 2). In both models, this was
followed by the random spatial effect (mean: 3.4 and 10.3%,
respectively, Fig. 2). For most species, environmental factors
accounted for less of the total variance than the fixed effect of
year and random effects combined. Overall, total phosphorus
and SST were the most influential environmental factors for
occurrence (mean: 1.9 and 1.6%) and conditional abundance
(mean: 7.6 and 2.0%, Fig. 2). Compared to the random effects,
their influences were small. Salinity, mean April temperature,
and water depth each accounted for < 1% of the total variance
for species occurrence; however, these variables were slightly
more influential in explaining conditional abundance (mean:
1.9, 1.5, and 3.8%, respectively, Fig. 2). The amount of vari-
ance accounted for by seasonality (day of the year) differed
between species in both models; however, the mean variance
explained across species was similar between the occurrence
and abundance models (mean: 3.1 and 4.8%, respec-
tively, Fig. 2).

For several species, occurrence and conditional abundance
were explained by different variables (Fig. 2). For example,
while the presence of species such as Borghiella pascheri, Pla-
gioselmis prolonga, and Mesodinium rubrum was primarily
explained by both the random and fixed effects of sampling
year, environmental factors influenced their conditional
abundances. For all three species, the environmental variable
that accounts for the most variance in their conditional

abundances is total phosphorus. Note that the highest levels
of total phosphorus were present at the start of the sampling
period, and these levels decreased until the 90s, after which
they stabilized (Supporting Information Fig. S1).

Differences in mean variance explained across species
within common groupings were also detected (Fig. 3). The
majority of species included in the model were part of the fol-
lowing groups: diatoms (22), green algae (21), cyanobacteria
(15), or dinoflagellates (14). Variance partitioning differed for
both models between these groups. Seasonality accounted
for a larger amount of the total variance in the occurrences of
dinoflagellates and diatoms, compared to cyanobacteria and
green algae. Total phosphorus and SST accounted for a notable
proportion of the variance in occurrences for dinoflagellates,
diatoms, and cyanobacteria. Total phosphorus accounted for
more variance in all these groups in the conditional abun-
dance model. The single largest contributor to explained vari-
ance in the conditional abundances of dinoflagellates was
total phosphorus. Additionally, station depth accounted for a
notable proportion of the variance in the conditional abun-
dances of green algae.

Species response to environmental factors
For the majority of species, occurrence was influenced by

total phosphorus and/or SST with a non-zero posterior proba-
bility of ≥95% Pr β≠0ð Þ≥95%ð Þ (Fig. 4). Additionally, there
were ≥95% posterior probabilities for non-zero responses to
the day of the year and/or sampling year for nearly all species.
Many species responded to salinity with non-zero posterior
probabilities ≥95%; however, both overall and at a species
level, these responses account for a very small proportion of
the total variance in occurrences (Figs. 2 and 4). Only cyano-
bacteria and chlorophyta (green algae) species had ≥95% pos-
terior probabilities of non-zero responses to mean April
temperature. The statistically supported beta values for SST,
day of the year, and mean April temperature were most often
positive for the linear term and negative for the squared term.
The linear response to sampling year was more often negative
than positive. The direction of the response to total phospho-
rus was more variable.

Several species showed linear responses to total phospho-
rus, indicated by 95% posterior support for a non-zero beta for
the first polynomial term but not for the second (e.g.,
y¼ β1xþ0x2). These associations accounted for a notable pro-
portion of the variance explained by environmental factors,
especially for species such as the dinoflagellates Dinophysis
norvegica and D. acuminata, the diatoms Skeletonema subsalsum,
Chaetoceros holsaticus, C. wighamii, and C. danicus, the silico-
flagellate Ebria tripartita, the golden-brown algae Dinobryon
faculiferum, the cyanobacteria Pseudanabaena limnetica and
Planktothrix agardhii, and the green algae Koliella spiculiformis.
In the case of P. agardhii, total phosphorus was the most
important explanatory variable for species occurrence; how-
ever, it explained much less of the variance in its conditional
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Variable

Day of Year
PA: 3.1%
COP: 4.8%

Mean April Temp
PA: 0.6%
COP: 1.5%

Salinity
PA:  0.7% 
COP: 2.0%

Station Depth
PA: 0.5%
COP: 3.8%

Total Phosphorus
PA: 2.0%
COP: 7.6%

Sea Surface Temperature
PA: 1.6%
COP: 2%

Year
PA: 9.5%
COP: 11.1%

Random: Location
PA: 3.4%
COP: 10.3%

Random: Year
PA: 15.8%
COP: 13.4%

Fig. 2. Proportion of raw variance explained by each variable for the (a) occurrence and (b) conditional abundance model. The mean variance
explained by each variable for the occurrence (PA) and conditional abundance (COP) models are shown in the key.
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abundance. The difference in response between diatom
species within the genera Skeletonema and Chaetoceros must
be noted. Unlike S. subsalsum, S. marinoi did not respond

to total phosphorus. Within the genus Chaetoceros,
C. holsaticus and C. danicus had positive linear responses to
total phosphorus, while C. wighamii had a negative linear
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COP: 2.6%
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PA: 13.1%
COP: 7.5%

Random: Location
PA: 1.7%
COP: 6.9%

Random: Year
PA: 19.0%
COP: 11.9%

(a)

(b)

Fig. 3. The mean proportion of raw variance for common species groups, explained by each variable for the (a) occurrence and (b) conditional abun-
dance model. The mean variance explained by each variable for the occurrence (PA) and conditional abundance (COP) models are shown in the key.
Species are grouped at the finest taxonomic level associated with a common name, typically class. The number of species in each group is reported in
parentheses. The order of groups matches the order of species in Fig. 2.
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response, and C. ceratosporus did not respond to phospho-
rus (Fig. 4).

Species occurrence responses to environmental factors were
strongly linked to taxonomic relatedness, as indicated by the
phylogenetic correlation parameter (ρ: mean = 0.83, 95% CI:
0.70–0.94). Two statistically supported trait-environment rela-
tionships were found (Pr γ≠ 0ð Þ≥95%, Fig. 5). The presence of

a silica cell wall had a negative linear response to salinity,
while the ability for nitrogen fixation had a negative linear
response to mean April temperature (Fig. 5). The ρ parameter
suggests the presence of additional taxonomically linked traits
that account for the realized species niches. The taxonomic
structure of species responses to the environment (Fig. 4) was
particularly noticeable at the genus level across all three

Fig. 4. Responses of species occurrences to environmental factors. Colors indicate > 95% posterior support for non-zero β values (blue negative, red pos-
itive). The tree represents the taxonomic relationship between species. The major divisions are indicated with color and from top to bottom are Protista
(Blue), Plantae (Chlorophyta) (Orange), and Bacteria (cyanobacteria) (Cyan). SST refers to Sea Surface Temperature, jday is the day of the year, April tem-
perature is the mean average temperature of the month of April for the sampling year, and total P is total phosphorus. Squared terms represent the β
value associated with the second-order polynomial term.
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kingdoms present (Bacteria, Protista, and Plantae). Shared sta-
tistically supported responses based on genus appear less com-
mon among chlorophyta (green algae, Fig. 4). However, the
occurrences of chlorophyta species were less responsive to
environmental factors in general compared to the other major
groups.

Community trends
The occurrence model predicted a negative relationship

between SST and overall species richness, even when all other
variables are held at their median values (Fig. 6). No notable
trend between total community abundances and SST was
predicted by the hurdle model. Although the median
predicted value increased between 5 and 15�C, it decreased
and leveled off across higher temperatures.

Predictions of community composition were made across
different SSTs for the median sampling day (day
211, 30 July), with all environmental variables held at their
median values. These predictions indicated changes in pro-
portional community composition between different plank-
tonic groups. The predicted proportion of cyanobacteria

increased, while diatoms decreased with increasing temper-
ature (Fig. 7). These patterns were more pronounced in
terms of abundances modeled by the hurdle model
(Fig. 7b), indicating that even in the absence of local extinc-
tions there is a shift from diatom dominance to cyano-
bacterial dominance with increasing temperature. The
predicted proportion of abundance made up of dinoflagel-
late species increased with increasing temperature, until
15�C, after which it decreased. The abundance of cyano-
bacteria was predicted to exceed that of dinoflagellates at
temperatures above 8�C. Sea surface temperatures below
15�C are uncommon in the study area for late July. Above
15�C cyanobacteria and green algae species make up the
majority of species in the community (Fig. 7a).

Total phosphorus concentrations of over 20 μg L�1 were
only observed in six samples from before 1980. The
predicted proportion of cyanobacteria, green algae, and dia-
tom species in the community increased or remained rela-
tively constant with increased phosphorus, at the expense
of all other groups (Fig. 8a). For cyanobacteria species, this
increase plateaued at total phosphorus values of around
20 μg L�1. The hurdle model predicted different trends in
the total abundances of groups. Cyanobacteria were
predicted to dominate the community in terms of abun-
dance. Despite an increase in the proportion of diatom spe-
cies in the community, the predicted proportion of total
abundance made up of diatoms decreased with increased
phosphorus (Fig. 8a,c). Likewise, despite the constant
decrease in the proportion of the total species in
the community made up of dinoflagellate species, the
predicted proportion of total abundance made up of dino-
flagellate species increased with increased total phosphorus
below 5 μg L�1, decreasing after this point (Fig. 8a,c).

The predicted changes in community composition in
response to seasonality (day of the year) were similar both
in terms of proportional species richness and abundance
(Fig. 8). The proportion of diatoms decreased, while the cya-
nobacteria increased during the first part of summer. This

Fig. 5. Responses of trait occurrences to environmental factors. Colors
indicate > 95% posterior support for non-zero γ values (blue negative, red
positive). SST refers to Sea Surface Temperature, jday is the day of the
year, April temperature is the mean average temperature of the month of
April for the sampling year, and total P is total phosphorus. The silica trait
represents the presence of silica in the cell walls, N fixation is the ability to
fix nitrogen. Squared terms represent the γ value associated with the
second-order polynomial term.

30

20

10

0

R
ic
hn
es
s

5 10 15
SST (°C)

20 25

Fig. 6. The predicted relationship between species richness and Sea Surface Temperature (SST), when all other variables are held at their median value.
Median posterior values are indicated by the black points with the 95% credibility interval indicated in blue; gray points indicate raw observations.
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leveled off towards day 212 (31 July) for both groups, and the
trend inverted after day 237 (26 August).

Discussion
The results indicated that the primary drivers of species

occurrences, abundances, and community composition were
sampling year, location, total phosphorus, and SST. Addition-
ally, even within the summer months, seasonality influenced
the phytoplankton community structure. The use of a hurdle
model allowed for the detection of differences in the variance
explained by each variable for species occurrences and abun-
dances. Spatial–temporal variables (the fixed effect of year and
the random effects) accounted for the vast majority of the var-
iance explained for almost all species in the occurrence model.
However, the ratio between the variance explained by spatial–
temporal variables and environmental variables was more bal-
anced for the conditional abundance model. This suggests a
potential mismatch between the drivers of species occurrences
and abundance in the region.

The results suggest that multiple variables act together in
shaping phytoplankton community composition. These

include the measured environmental variables as well as
unmeasured variables and processes such as stochasticity, dis-
persal, underwater irradiance, biotic and trophic interactions.
The relatively small amount of variance explained by total
phosphorus and SST suggests that while they are the most
important measured environmental variables, they alone were
not the key determinants of species distributions in the Hel-
sinki Archipelago over the past four decades.

Temporal and spatial effects
Random temporal and spatial effects accounted for the

majority of the variance explained for both conditional abun-
dance and occurrence models. The random effect of year likely
captured environmental variables acting on an annual time-
scale, in addition to biotic factors, such as immigration, local
extinctions, and interspecific competition. Temporally vari-
able factors such as the timing and nature of the earlier
blooms (Wasmund et al. 2011), rainfall (Thompson et al.
2015), winter temperatures (Evstigneev et al. 2023), wind
intensity (Dickson and Reid 1983; Crawford et al. 2020; Mes-
man et al. 2022), and light intensity (Zhang et al. 2022a) are
known to influence phytoplankton community dynamics.

(a)

(b)

Fig. 7. Median proportional composition in terms of predicted (a) species richness and (b) abundance of common phytoplankton groups in response
to Sea Surface Temperature (SST) change. Only groups that accounted for at least 1% of the proportional richness and abundance are included
(excluded groups: Cryptophytes, Telonemids, Chrysophyceae, Ciliates, and Kathablepharids).
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Additionally, the fixed effect of year captures species turnover,
accounting for extinctions and emergences. The occurrences
of several species were found to be almost entirely explained
by year; these species typically emerged or disappeared part-
way through the sampling period. For example, the dinoflagel-
late species Heterocapsa rotundata and Borghiella pascheri
disappeared from the summer community in 1985 and 1995,
respectively. The model indicated that both species responded
to changes in SST. However, fully untangling the drivers of
these changes remains challenging, since the species did not
re-emerge. The disappearance of the cyanobacteria species
Snowella lacustris was followed by the emergence of its sister
species S. septentrionalis, while the disappearance of the sister
green algae species Oocystis borgei and O. lacustris was followed
by the emergence of the ciliate Mesodinium rubrum.

These species turnover dynamics were captured by tempo-
ral effects (primarily the fixed effect of year); thus, explaining
why the sampling year was the single most important explan-
atory variable. The HMSC results support previous findings
that the phytoplankton community present in the Helsinki
Archipelago is not temporally stable but rather exhibits

constant species turnover (Olli et al. 2022). Species turnover
can be induced by fluctuations in the rate of temperature
change as temperature sensitivity differs between species
(Pinsky et al. 2025).

Location may be a proxy for physical and biotic factors and
is strongly linked to species dispersal patterns. The distribu-
tions of many phytoplankton species in the region were
explained by location. Salinity accounted for less variance
than expected; however, this was the result of the narrow
salinity range (0–6.9 psu) covered by the study, which is
expected to be tolerated by most of the brackish species (Olli
et al. 2019). Freshwater species enter the system primarily via
rivers, and this information was, in part, captured by the
latent factors related to site location. Station depth did not
explain species occurrences; however, it accounted for a nota-
ble proportion of variance in the conditional abundances of
many species. Station depth was highly correlated to distance
from the shore; thus, station depth might act as a proxy for
the shore effect for some species. Additionally, location also
captures environmental factors such as wave exposure
(Stockwell et al. 2020), current (Font-Muñoz et al. 2017), and

(a) (b)

(c) (d)

Fig. 8. Median proportional composition in terms of predicted species richness (top row) and abundance (bottom row) of common phytoplankton
groups in response to changes in total phosphorus (a and c) and day of the year (b and d). Only groups that accounted for at least 1% of the propor-
tional richness and abundance are included (excluded groups: Cryptophytes, Telonemids, Chrysophyceae, Ciliates, and Kathablepharids).
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wind patterns (Cyr 2017; Mesman et al. 2022), which are
known to influence community dynamics in phytoplankton.
Location was notably a better explanatory factor for
conditional abundances, indicating that the latent variables
related to location influenced co-abundance patterns more
than co-occurrence. Dinoflagellate species occurrences and
conditional abundances were poorly explained by both loca-
tion and station depth, in contrast to Cyanobacteria and
Green Algae (Fig. 3).

Richness and community responses
Species richness increased in the Helsinki Archipelago prior

to 2000 and remained relatively stable until the end of the
study period (2018) (Olli et al. 2022). The results showed a
negative relationship between summer SST and species rich-
ness (Fig. 6). Temperature is known to be a major driver of
changes in phytoplankton species richness, although this rela-
tionship is not monotonic (Righetti et al. 2019; Benedetti
et al. 2021). A negative relationship is expected between phy-
toplankton species richness and mean annual temperatures
below 10�C (Righetti et al. 2019). Thus, provided that the
mean annual temperature of the Baltic Sea remains below
10�C, increased summer temperatures would be expected to
reduce phytoplankton species richness. However, increases in
SST have been linked to greater immigration of warm-adapted
species and thus increased richness (Beaugrand et al. 2010).
The high volume of international maritime traffic in the Baltic
Sea (HELCOM 2018), provides a route for the introduction of
warm-adapted species. Despite the undersaturated nature
of the Baltic Sea phytoplankton species pool (Olenina
et al. 2010), the presence of sea-ice and frigid SSTs in winter
has likely hindered the establishment of sustained warm-water
species populations.

Independent of the natural transition between spring and
summer communities, increased SST favored a shift from dia-
tom to cyanobacteria dominance in the Helsinki Archipelago
(Fig. 7). Phytoplankton species composition is known to be
influenced by SST (Hällfors et al. 2013; Anderson et al. 2021;
Benedetti et al. 2021). An increase in SST over the past four
decades was found to have resulted in increased biovolume of
cyanobacteria in summer in the Baltic Sea, although this
response was found to differ between basins (Olofsson
et al. 2020). However, this increase has not been monotonic
(Kahru and Elmgren 2014). Part of the inter-annual variation
in the frequency and magnitude of cyanobacteria blooms can
be explained by the availability of phosphorus (Tamminen
and Andersen 2007; Vahtera et al. 2010). Total phosphorus
peaked in the late 1970s and has constantly decreased since,
which matches known patterns of nutrient inflow in the Hel-
sinki Archipelago (Andersen et al. 2017). Despite this known
temporal trend, total phosphorus was not correlated with sam-
pling year in the dataset (Supporting Information Fig. S1).
High phosphorus levels are associated with changes in the
community composition within the cyanobacteria (Andersson

et al. 2015), as well as with overall increased cyanobacteria
biomass (Eilola et al. 2009). The results of the hurdle model
support this. Additionally, the proportional abundance of
dinoflagellate was shown to increase with total phosphorus at
levels below 5 μg L�1 (Fig. 8c). This response is notable as total
phosphorus levels above 5 μg L�1 have become extremely rare
since 1995. This supports the hypothesis that both SST and
phosphorus play a role in driving phytoplankton community
structure in the region.

Riverine transport is the primary method by which silicate
enters sea water (Tréguer and De La Rocha 2013). Freshwater
inflow is associated with lower salinity. Thus, lower salinity
values likely overlap with increased silicate levels due to
increased river input or proximity to river mouths. The
detected negative association between the presence of silicate
cell walls and salinity is likely driven by silicate. The trait-
environment relationship between nitrogen fixation and
mean April temperature is likely more direct. While all nitro-
gen fixers observed in this study were cyanobacteria, many of
the observed cyanobacteria species were not nitrogen fixers.
Higher mean April temperatures are indicative of an early
summer and therefore earlier peaks of cyanobacteria (Berner
et al. 2018). At the species level, the observed nitrogen-fixing
species did not respond to mean April temperature, while
most of the other cyanobacteria species did. Thus, the nega-
tive relationship between the presence of nitrogen fixers and
mean April temperature is likely driven by interspecific differ-
ences in thermal and seasonal responses of cyanobacteria
species.

HMSC: Advantages and limitations
The HMSC model allows for many community ecology

questions to be addressed simultaneously (Ovaskainen and
Abrego 2020). The relationship between species occurrences,
traits, and environmental conditions (the fourth-corner prob-
lem) forms the basis of the increasingly popular trait-based
approach to functional ecology. HMSC inherently addresses
this by allowing trait and phylogenetic information to be
included in niche modeling. The results indicated two trait-
environment relationships for the included traits. However,
as hypothesized, there was a strong phylogenetic signal in
species responses to environmental variables, suggesting
the presence of one or more unaccounted-for phylogeneti-
cally structured traits that influence species’ environmental
responses. Additionally, utilizing HMSC allowed for species
co-occurrences, their relationships to various environmen-
tal variables, and the impact of random spatio-temporal
effects to be directly addressed using a single model. This
would not have been possible with traditional single-species
distribution models (SDMs) or multivariate statistical
methods.

In the context of long-term datasets, the structure of HMSC
supports many different study designs and allows for the use
of community data that is binary, continuous, or a
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combination of both; thus, making it applicable to datasets
that were collected for various purposes. This is particularly
useful for creating models based on long-term sampling, much
of which was not conducted with such statistical methods in
mind. As is common for long-term datasets, in the dataset
analyzed in this study, many potential explanatory environ-
mental variables were not measured consistently or at all over
the sampling period. These were, in part, captured by random
effects in the HMSC model, which capture unmeasured pro-
cesses that represent both known unknowns and unknown
unknowns. However, an over-reliance on latent variables
accounting for unmeasured fixed effects limits the interpreta-
tion of the random effects. This represents a limitation in the
current model for the Helsinki Archipelago, since both loca-
tion and sampling year are believed to capture environmental
variables for which data could not be obtained. The Bayesian
nature of HMSC allows for the inclusion of informative priors,
which allows prior knowledge to be included in new models.
However, informative priors are currently rarely used in HMSC
models. Finally, uncertainty is important in predictive model-
ing; HMSC allows the uncertainty in parameter values to be
reflected in predictions.

The Baltic Sea has become warmer and fresher over time
(Belkin 2009; Meier et al. 2022; Kankaanpää et al. 2023).
Future predictions indicate spatial and temporal variation in
these changes; however, the pervasive general trend is an
increase in temperature. Additionally, growing populations
and changing weather patterns may increase phosphorus
input, further shifting the system towards increased cyano-
bacteria. Many cyanobacteria species form toxic blooms that
negatively impact consumers and human health (Zhang
et al. 2022b; Dos Reis et al. 2023). Previously, cyanobacteria
were considered to be a poor food source for zooplankton;
however, recent studies have shown this to be uncertain
(Hogfors et al. 2014; Motwani et al. 2017; Suikkanen
et al. 2021; Novotny et al. 2023). Additional methods are thus
required to understand the wider implications of increasing
cyanobacteria dominance in the summer phytoplankton
community.
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