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HIGHLIGHTS

e Human-induced pressures drive rapid
marine changes, impacting plankton
communities.

o Random forest analysis ranked environ-
mental variables to predict plankton
abundance.

e Best predictors were bathymetry, and
mixed layer depth and potential food
groups.

o Nitrogen-to-phosphorus also ranked
high, indicating links to nutrient
imbalance.

e Warming-induced  stratification and
nutrient starvation are key drivers of
change.
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ABSTRACT

Anthropogenic pressures such as climate change and nutrient pollution are causing rapid changes in the marine
environment. The relative influence of drivers of change on the plankton community remains uncertain, and this
uncertainty is limiting our understanding of sustainable levels of human pressures. Plankton are the primary
energy resource in marine food webs and respond rapidly to environmental changes, representing useful in-
dicators of shifts in ecosystem structure and function. Categorising plankton into broad groups with similar
characteristics, known as “lifeforms”, can be useful for understanding ecological patterns related to environ-
mental change and for assessing the state of pelagic habitats in accordance with the EU Marine Strategy
Framework Directive and the OSPAR Commission, which mandates protection of the North-East Atlantic. We
analysed 29 years of Continuous Plankton Recorder data (1993-2021) from the North-East Atlantic to examine
how trends in plankton lifeform abundance changed in relation to one another and across gradients of envi-
ronmental change associated with human pressures. Random forest models predicted between 57 % and 80 % of
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the variability in lifeform abundance, based on data not used to train the models. Observed variability was
mainly explained by trends in other lifeforms, with mainly positively correlated trends, indicating bottom-up
control and/or shared responses to environmental variability were prevalent. Longitude, bathymetry, mixed
layer depth, the nitrogen-to-phosphorus ratio, and temperature were also significant predictors. However,
contrasting influences of environmental drivers were detected. For example, small copepod abundance increased
in warmer conditions whereas meroplankton, large copepods and fish larvae either decreased or were un-
changed. Our findings highlight recent changes in stratification, reflected by variation in mixed layer depth, and
imbalanced nutrient ratios are affecting multiple lifeforms, impacting the North-East Atlantic plankton com-
munity. To achieve environmental improvements in North-East Atlantic pelagic habitats, it is crucial that we
continue to address climate change and reduce nutrient pollution.

1. Introduction

Changes in the abundance and composition of plankton, combined
with climate change and nutrient pollution, indicate widespread shifts in
pelagic habitat conditions (Holland et al., 2023c; Louchart et al., 2023a,
2023b). However, we still need to identify the key drivers of change to
focus resources effectively and achieve the environmental improve-
ments advocated internationally. In the EU and the UK, the state of the
marine environment is regularly assessed under national and interna-
tional frameworks to achieve Good Environmental Status (GES) for
specific descriptors. One such framework is the OSPAR (Oslo and Paris)
Convention, an international agreement among 16 contracting parties
(15 nations and the European Union) dedicated to sustainably managing
human activities to protect the North-East Atlantic's shared marine
environment. The OSPAR Convention (McQuatters-Gollop et al., 2022),
the United Kingdom Marine Strategy (UKMS) (McQuatters-Gollop et al.,
2019a), and the European Union's Marine Strategy Framework Directive
(MSFD) (Magliozzi et al., 2021; McQuatters-Gollop et al., 2015) all use
plankton as indicators to monitor and assess biodiversity in pelagic
habitats. Under the MSFD, descriptor D1C6 outlines objectives for
achieving GES in pelagic habitats, stating: “The condition of the habitat
type, including its biotic and abiotic structure and its functions (e.g., its
typical species composition and their relative abundance, absence of partic-
ularly sensitive or fragile species or species providing a key function, size
structure of species), is not adversely affected due to anthropogenic pres-
sures.” (European Commission, 2017). The uncertainty surrounding the
primary causes of change in the environmental status of pelagic habitats
— and how best to recover them once degraded — represents a critical
knowledge gap that could hinder progress towards achieving GES.

Biodiversity indicators are used to monitor changes in the status of
ecosystem health to help inform decisions on sustainable marine
ecosystem management (e.g., to inform progress towards achieving
GES) (Magliozzi et al., 2021; McQuatters-Gollop et al., 2022; McQuat-
ters-Gollop et al., 2019b). Plankton typically have short generation
times and respond rapidly to environmental change, particularly to al-
terations in temperature (Chivers et al., 2017), nutrient levels (Van De
Poll et al., 2013), and in some cases ocean acidity (Alvarez-Fernandez
et al., 2018), making them sensitive biodiversity indicators of environ-
mental shifts (Bedford et al., 2020b; Di Pane et al., 2022; McQuatters-
Gollop et al., 2015). Biodiversity indicators for plankton are well-suited
for providing early warning signals of important changes in ecosystem
structure and function, including shifts in food web dynamics and dis-
ruptions to nutrient cycling (Arrigo, 2005). Studying plankton com-
munities in this context offers a crucial tool for early detection and
assessment of environmental changes, providing critical insights to
inform conservation and management efforts (Bedford et al., 2020b;
Holland et al., 2023a; McQuatters-Gollop et al., 2019a).

Identifying significant changes in the plankton community by
studying individual species is challenging because many species are
adapted to specific ecological and hydrodynamic conditions
(McQuatters-Gollop et al., 2019a). Regional biodiversity assessments
span a variety of hydrodynamic regimes, which result in the highly
patchy distribution of plankton species across space (Van Leeuwen et al.,
2016). Moreover, individual species exhibit considerable temporal

variability, as short generation times for some taxa lead to fluctuations
in species abundance, ultimately affecting community structure.
Assessing species individually is also inadequate for evaluating overall
changes in the plankton community, as no single species can represent
the state of the entire community. Additionally, clear relationships be-
tween individual species and ecosystem functions are rarely evident
across large spatial scales (Tett et al., 2013).

Plankton lifeforms are groupings of species that perform similar
important functional roles in their environment (Tett et al., 2008).
Categorising plankton into “lifeforms” — broad groups defined by
shared ecological, trophic, morphological, or taxonomic traits
(McQuatters-Gollop et al., 2019b) — can enhance our understanding of
how changes in their abundance might impact higher trophic levels
(Atkinson et al., 2024) and ecosystem services (Bedford et al., 2020b).
Since lifeforms are defined by shared functional traits, variation in their
abundance or biomass should be more closely related to ecosystem
structure and function versus individual taxa (McQuatters-Gollop et al.,
2019a). Lifeforms are also better suited than individual taxa for regional
assessments because they help to smooth out much of the spatial and
temporal variability inherent to individual species distributions
(Bedford et al., 2020Db). The lifeform approach also supports intercom-
parison of datasets from different institutions, with varying levels of
taxonomic resolution, making it a valuable tool for regional assessments
(McQuatters-Gollop et al., 2019a).

Considering the role of plankton in food webs, even moderate
changes in the quantity or availability of important plankton lifeforms
driven by environmental variability can generate measurable impacts
across marine ecosystems. For example, large copepods are key prey for
fish (Van Deurs et al., 2015) and changes in their abundance relative to
small copepods can affect how energy flows across food webs because
species interactions are largely determined by body size (Brose et al.,
2019; Brose et al., 2006). Changes in the abundances of plankton life-
forms over short time scales can have immediate consequences for
higher trophic levels (e.g., variation in zooplankton abundance closely
associated with biomass of sandeel larvae; Frederiksen et al., 2006),
whereas gradual change over decades can indicate long-term shifts in
important aspects of ecosystem functioning (Di Pane et al., 2022). Cat-
egorising plankton as lifeforms can also facilitate the measurement of
ecological patterns associated with warming and nutrient pollution
(Bedford et al., 2020b). For example, changes in nutrient availability can
impact the structure of the phytoplankton community (Schmidt et al.,
2020), which can impact copepod abundance (Makareviciute-Fichtner
etal., 2020). Declining abundance of copepods subsequently impacts the
growth and survival of planktivorous fish populations (Olin et al., 2022).
Despite the large environmental changes currently impacting temperate
marine ecosystems, the relative influence of environmental variables on
plankton lifeforms remains uncertain.

The recent OSPAR assessment of pelagic habitats indicator PH1/FW5
“Changes in Phytoplankton and Zooplankton Communities” (Holland
et al., 2023a) linked trends in plankton lifeform abundance with trends
in environmental variables at the scale of sub-regional spatial assess-
ment units, or the set of COMP4 polygons used to delineate internally
consistent pelagic habitat types for OSPAR eutrophication and pelagic
habitats assessments (Enserink et al., 2019; Graves et al., 2023). The
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assessment concluded that recent changes in the abundance of plankton
lifeforms were most closely linked to rising temperatures in offshore
areas in the North-East Atlantic, and to variation in nutrient concen-
trations in some coastal areas (Holland et al., 2023a). This study builds
on that work by exploring the plausible links between environmental
variability and long-term changes in plankton communities in the North-
East Atlantic at regional scale (Holland et al., 2023c).

Due to the inherent patchiness of plankton distribution in both space
and time, monitoring and environmental data required to detect sig-
nificant changes must be geographically and temporally extensive. To
address this, we use the Continuous Plankton Recorder (CPR) Survey,
which employs plankton sampling instruments towed behind ships of
opportunity (Richardson et al., 2006). The CPR Survey provides the
most comprehensive record of marine plankton biodiversity on Earth
(Vezzulli et al., 2022). From 1993 to 2021, during which concurrent
environmental data from the NEMO-ERSEM ecosystem model were
available (Madec et al., 2017), the CPR survey dataset includes over
58,000 observations from across the North-East Atlantic.

The aims of this study were to enhance the understanding of the
primary drivers of change in plankton lifeforms: first, by assessing
whether changes in the abundance of a selection of key plankton life-
forms are principally linked to temperature, nutrients, other plankton
lifeforms, or climate cycles; second, by studying whether lifeforms have
unique responses to environmental change (e.g., contrasting responses
to temperature); and third, by assessing whether models based on trends
in other plankton lifeforms and environmental variables can accurately
predict trends in lifeform abundance.

2. Materials and methods
2.1. Spatial scale of the analysis

The North-East Atlantic, encompassing the North Sea, Celtic Seas and
the Bay of Biscay and Iberian Coast (Fig. 1), is characterised by large
environmental gradients in temperature, salinity, nutrient availability,
and light, which affect the abundance and composition of the plankton
assemblage (Kléparski et al., 2021). Variations in nutrient availability,
driven by complex oceanographic processes and riverine discharge,
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create localised hotspots of plankton activity (Xu et al., 2020), while
changing light availability throughout the year affects seasonal blooms
(Llope et al., 2009). Anthropogenic pressures like nutrient pollution
(McQuatters-Gollop et al., 2009; McQuatters-Gollop et al., 2007) and
fishing (Frederiksen et al., 2006; Lindegren et al., 2018; Thompson et al.,
2020) add additional complexity to the dynamics of this region.

Spatial resolution is an important factor which can influence results
of many analyses (Scott et al., 2023). For this analysis, we selected a
resolution that captured a sufficient number of CPR samples per cell,
while maintaining the fine-scale complexity of the gridded environ-
mental data. We assessed four levels of resolution for our analysis: 0.5, 1,
2 and 4°. We calculated the mean number of CPR samples per grid cell
(£ SE) to be 0.5°: 67 + 4, 1°: 225 + 19, 2°: 657 + 88 and 4°: 2312 +
459. We ultimately selected 1° spatial resolution to balance capturing
fine scale environmental gradients, while maintaining statistically
robust sample sizes.

To assess model predictions of lifeform abundance, we examined two
specific grid cells as comparative case studies, which we have named
Channel Well Mixed (CWM) and Northern North Sea (NNS) (indicated in
Fig. 1) to correspond with two of the spatial assessment units used in the
recent OSPAR assessment of pelagic habitats (OSPAR, 2023). These two
regions were selected due to their ample survey coverage and because
they represent two distinct pelagic habitat types (Philippart et al., 2011),
with CWM characterised by permanently mixed conditions in a coastal
area of the English Channel, and NNS by permanently mixed and
intermittently stratified conditions for a large shelf area of the northern
North Sea (van Leeuwen et al., 2015).

2.2. Plankton monitoring data

We used plankton abundance monitoring data from the extensive
pan-European Continuous Plankton Recorder (CPR) survey (Richardson
et al., 2006). We used an extraction from the CPR dataset bounded be-
tween 13° W and 11° E and between 44 and 63° N. Plankton samples
were collected and fixed autonomously in situ using a standardised
mechanical sampling apparatus with 270 pm mesh size (Richardson
et al., 2006) which is towed along regular routes at an approximate
depth of ~7 m (Hays and Warner, 1993) using ships of opportunity

A
60°N 60°N
55°N 55°N
50°N 50°N
45°N 45°N

Total
O Channel well mixed (CWM) Samples
A\ Northern North Sea (NNS) [ . . |

1 10 100 1000

Mean samples
per year

1 3 10 30

Fig. 1. The total number of CPR samples (A) and mean number of samples per year (B) from 1993 to 2021 overlaid across a 1° square grid. Unfilled grid cells were
poorly sampled by the CPR and excluded from this analysis (i.e., >20 % of months missing). Two grid cells (indicated with white symbols) within the Channel Well
Mixed (CWM,; circle) and Northern North Sea (NNS; triangle) regions represent spatial areas where plankton lifeform abundance was investigated as a case study (as

described in the Materials and methods).
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(McQuatters-Gollop et al., 2015). Each CPR sample represents a transect
of 10 nautical miles, constituting ~3 m~> of seawater filtered
(Richardson et al., 2006). Due to hazards associated with deploying
towed gear in shallow water, CPR sampling is typically restricted to
offshore waters and is thus not representative of conditions in coastal
waters. CPR data are available for a large proportion of the North-East
Atlantic, North Sea and Celtic Seas. Because plankton distribution is
patchy in both space and time, CPR data are best analysed at an
aggregated monthly time scale (Richardson et al., 2006). While CPR
data from 1958 to 2021 were available, our analysis was restricted to
samples collected between 1993 and 2021 (Fig. 1) due to the availability
of concurrent model hind-cast environmental data for this period only.

2.3. Plankton lifeforms

To define the plankton lifeforms, taxa were categorised based on
shared traits, including taxonomic grouping, body size, and habitat
(McQuatters-Gollop et al., 2019a; Tett et al., 2008). All lifeforms were
defined based on our master taxa list of functional traits (https://doi.
mba.ac.uk/data/3260/1) (Ostle et al., 2021). For simplicity, we use
the term “functional traits” to encompass various types of traits,
including ecological, trophic, morphological, and taxonomic. This list
was populated with functional trait information for each taxon or group
(e.g., egg, larvae, post-larvae) counted in the CPR dataset. All taxa have
been manually assigned functional traits from expert taxonomist
knowledge and scientific literature. Every entry in the master taxa list
has also been assigned a unique Aphia ID via the World Register of
Marine Species (WoRMS), to provide a means of matching functional
traits to plankton datasets; all taxa recorded in the CPR Survey are
represented in the current master list. These classifications were used to
calculate the total abundance of each lifeform for each sample (i.e.,
individuals per 3 m~ CPR sample), pooling members of the same life-
form regardless of life stage (e.g., copepodites and adult copepods)
(McQuatters-Gollop et al., 2019a). A detailed list of these classifications
can be found in the Supplementary materials (Table S 1).

To understand the key environmental drivers of change in plankton
lifeforms, we selected six lifeforms based on the high confidence in their
classification (McQuatters-Gollop et al., 2019a) and because they shared
no common taxa with one another. For each lifeform, the total number
of unique categories (n) counted in the CPR Survey is as follows: diatoms
(n = 58), dinoflagellates (n = 36), large copepods (n = 51), small co-
pepods (n = 23), meroplankton (n = 13), and fish larvae plus fish eggs (n
=2).

Diatoms and dinoflagellates represent the phytoplankton community
component of this analysis (McQuatters-Gollop et al., 2019a). Both
lifeforms contribute to pelagic food webs and are functionally distinct
due to differences in motility (dinoflagellates propel themselves with
flagella), nutrient composition (e.g., diatoms have a silicious cell wall),
and trophic strategies (diatoms are autotrophic, whereas dinoflagellates
can be mixotrophic). Diatoms and dinoflagellates also tend to exhibit
different patterns in seasonality, so their importance in supporting the
food web varies depending on the time of year. Their low trophic level
means that they are particularly sensitive to changes in water quality
and can respond quickly to variation in nutrient concentration. It is
important to note that the CPR tends to be selective in its sampling of
diatoms and dinoflagellates, with tendency to preferentially capture
large or spikey taxa, therefore many of the numerically dominant taxa
typically caught in bottle samples are under-represented (Richardson
et al.,, 2006). The CPR also tends to under-represent athecate di-
noflagellates, which are damaged by the formalin preservative (Batten
et al., 2018). However, sampling methods have been broadly consistent
across time and space, so intercomparisons remain valid (McQuatters-
Gollop et al., 2015).

For this analysis, we defined large copepods as those with typical
adult body length (total length) >2 mm, and small copepods as those <2
mm (McQuatters-Gollop et al., 2019a). These measurements were based
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on current scientific literature and did not account for developmental
stages. Small copepods are typically the numerically dominant
zooplankton lifeform and are thus important for the transfer of energy
from phytoplankton to higher trophic levels (e.g., larval and planktiv-
orous fish). Large copepods represent lipid-rich, but less abundant,
important prey items for juvenile and planktivorous fish (Capuzzo et al.,
2018; Lynam et al., 2017).

Meroplankton are a diverse group containing the planktonic larvae
of benthic organisms. For the current study, meroplankton included
polychaetes, bivalves, cephalopods, cirripedes, decapods, stomatopods,
echinoderms, bryozoans, lancelets, and nematode parasites. Mer-
oplankton spend only the juvenile portion of their lifecycle in the pelagic
ecosystem, before recruiting to benthic habitats. For this analysis we did
not include any cnidarians with benthic polyps or larvae of benthic fish
in the meroplankton lifeform.

Fish larvae and eggs represent the reproductive output of broadcast
spawning benthic and pelagic fish, which may travel for considerable
time and distance before hatching. This lifeform represents part of the
next trophic level, as fish larvae rely heavily on both large and small
copepods. For Atlantic cod, the recruitment success of a year-class is
highly dependent on whether copepods are in high abundance during
the period when larval fish deplete their yolk sacs (Endo et al., 2022).
The higher trophic position of fish may limit the influence of environ-
mental variability and they might be more affected by bottom-up effects
driven by duration of overlap between larval fish and copepod abun-
dance (Kristiansen et al., 2011).

2.4. Time-series construction

All data analysis was performed using R programming language (R
Core Team, 2020). We decided to assess plankton lifeform abundance
rather than biomass to avoid the added uncertainty and complexity of
estimating biomass and to maintain consistency with our previous works
(Holland et al., 2023a; Holland et al., 2023c) upon which the current
study builds.

Abundance values of each lifeform within each sample were grouped
by grid cell intersection to divide data spatially. Total lifeform abun-
dance values were averaged per month within each grid cell before
being logyo(x + 1) transformed to stabilise the exponential growth and
decline typical of plankton time-series, to reduce the influence of
extreme values, and to account for zero values. For months when there
were no samples within a particular grid cell, gaps were filled by
extracting a mean value from an inverse distance weighted interpolated
surface generated from logio(x + 1) transformed values from nearby
cells, using a maximum search radius of 250 km and a minimum of five
neighbouring samples. While this relatively large search radius was
necessary for filling gaps in the time-series, it will inevitably cause some
boundaries between separate water masses to become muddled. How-
ever, a radius of this size is very commonly used when interpolating CPR
data (Beaugrand and Reid, 2012; Brun et al., 2016; Edwards et al., 2021;
Pitois and Fox, 2006). The interpolation was evaluated by plotting
against mean abundance values calculated from CPR samples and
generating linear models to assess coefficients.

Following methods described in Bedford et al. (2020b), which
combined spatial and temporal interpolation techniques, linear inter-
polation was performed to fill additional gaps of three months or fewer
within the time-series for each grid cell. Maps displaying the total
number of months derived from interpolated data are provided in the
appendix (Fig. S 1). Following these steps, grid cells missing lifeform
abundance values for >20 % of months across the full time-series (12
months x 29 years = 348 months) were excluded from the analysis.

2.5. Regional scale links to environmental variables and between lifeforms

We used random forest regression (Cutler et al., 2007; Prasad et al.,
2006) to assess the strength of relationship between predictor variables
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and lifeform abundance (Fig. 2). Random forest regression generates a
multitude of decision trees during training and outputs the mean pre-
diction among the ensemble of individual trees. This method is partic-
ularly useful for assessing the relative importance among a large number
of predictor variables because it can capture non-linear relationships
between predictor and response variables. It can also handle high-
dimensional data with correlated predictors with less tendency for
overfitting and it provides a measure of variable importance, which
indicates how much each predictor contributes to the predictive accu-
racy of the model.

2.5.1. Assessment of variable importance

The ‘ranger’ R package (Wright and Ziegler, 2015), a fast imple-
mentation of random forest modelling, was applied to generate all
models, using the default setting of 500 trees. To maintain comparability
of the six models, we did not conduct any hyperparameter tuning (e.g.,
number of trees, number of variables to consider at each split), since the
primary focus was to evaluate variable importance, rather than gener-
ating optimised prediction models. For each model we evaluated the
same set of environmental variables, and the abundance of the five other
lifeforms (i.e., excluding the lifeform represented by the response vari-
able) as predictors. Relative variable importance was evaluated for each
model to determine the best predictors of lifeform abundance trends at
the regional scale. Relative importance of the predictor variables in each
model was evaluated based on the homogeneity in the variance of the
response. Variable importance is determined based on the decrease in
impurity that each variable contributes when making splits in the de-
cision trees. The variable importance score measures how much the
inclusion of a particular variable improves predictive accuracy or re-
duces variability in the predicted values. Variable importance scores can
be assessed relative to each other within models but are not comparable
across models. It is important to note that observing high importance of
any variable is simply an indicator that it co-varies predictably with
lifeform abundance. Although ranking variable importance in machine
learning models, such as random forest, does not identify causation (e.g.,
Prosperi et al., 2020), the output can be highly informative for future
modelling efforts and to help prioritise new research questions.

2.5.2. Environmental data processing

In situ data were not available for all environmental variables at each
CPR sampling location and time, so we used gridded variables from
modelled and remotely sensed environmental data, resolved at monthly
resolution, and capable of capturing environmental change over the
period of this dataset. We used the NOAA 1° resolution global Interna-
tional Comprehensive Ocean-Atmosphere Data Set (ICOADS; Freeman
etal., 2017), the Copernicus Atlantic- European North West Shelf- Ocean
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Biogeochemistry Reanalysis, hindcast from the 0.06° (~7 km) resolution
European Regional Seas Ecosystem Model (NEMO-ERSEM; Butenschon
etal., 2016; Madec et al., 2017) as well as Bathymetry Product tiles from
EMODnet, resolved at 1/16 x 1/16 arc minutes (~115 m grid; Thierry
et al., 2019) (Table S 2). We also used North Atlantic Oscillation (NAO)
and Atlantic Multidecadal Oscillation (AMO) data from NOAA's Climate
Prediction Centre and Physical Sciences Laboratory, respectively. This
analysis was constrained to the period 1993-2021 to match the histor-
ical extent available from the NEMO-ERSEM hindcast, which represents
the most comprehensive environmental dataset currently available for
the region.

Numeric variables representing longitude and latitude were included
in our analysis to account for spatial variation in the abundance of
plankton lifeforms between the Atlantic and North Sea (Thompson et al.,
2021) which could not be attributed to the other environmental vari-
ables we tested, using the coordinates of the centroid for each grid cell.

For ICOADS and NEMO-ERSEM data, we calculated the mean of
monthly mean gridded values (modelled and remotely sensed) extracted
within each grid cell. For NOAA Atlantic Multidecadal Oscillation
(AMO) and North Atlantic Oscillation (NAO) data, monthly values were
applied identically across all assessment units since these variables have
basin-scale influence likely to cover the entire assessment region. For
latitude, longitude and bathymetry, location-specific values were
applied identically across all months since these variables have no
temporal context. To ensure that land-based measurements did not in-
fluence mean values for each grid cell (e.g., bathymetry >0 m), all land
areas were subtracted from the grid prior to extracting the environ-
mental data.

2.5.3. Decomposing time-series

All time-series, including lifeform abundance, were transformed to
remove seasonality and extract the long-term trends for each grid cell by
conducting additive time-series decomposition, using the ‘decompose’
function in R. This function extracts the trend in a time-series by
applying a 12-month symmetrical moving window to generate a mean
value for each month. This step caused the first and last six months of
data from each time-series to be excluded. Our analysis was only con-
cerned with long-term variation, thus this seasonality was removed
despite accounting for the largest portion of variation in abundance for a
large number of species (Colebrook, 1982). The 12-month symmetrical
moving window also smooths over the bi-modal annual cycle typical of
many phytoplankton taxa (Nogueira et al., 2012). However, the
approach of pooling taxa with similar characteristics into lifeforms
already eliminates much of the variation attributed to the separate taxa
(Bedford et al., 2020a). While this smoothing method can be influenced
by missing months in the time-series, our spatial and temporal

CPR
samples

Aggregate
by lifeform

/- 7
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abundance
across 1° grid

Fill gaps with
> IDW
interpolation

Fill additional gaps
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—
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data
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Fig. 2. Flowchart describing how the plankton (yellow) and environmental (blue) data were processed prior to being combined (green) and used to generate the six

random forest regression models.
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interpolation approach ensured that the number of missing months was
minimised.

2.5.4. Handling collinearity among predictors

Although random forest regressions are generally robust to collin-
earities among predictors, multicollinearities can reduce the reliability
of predictor importance rankings (Nicodemus et al., 2010). We therefore
took steps to minimise the potential influence of collinearity. De-
seasonalised predictor variables were assessed for collinearity using
Spearman correlation (Fig. S 2) and any pairwise negative or positive
correlations >0.7 required the exclusion of one variable in the pair to
avoid distortion of model estimation and predictive performance
(Dormann et al., 2013) (see Table S 2). A predictor was a more likely to
be excluded over others if it demonstrated high correlation with mul-
tiple other predictors. In cases where there was no clear choice for which
variable to eliminate, we prioritised retaining variables with the clearest
direct ecological link to plankton dynamics. The following variables
were excluded from all models for collinearity issues, with correlation
coefficients (p) provided in parentheses: latitude, for strong negative
correlation with temperature (p = —0.9); salinity for strong negative
correlation with nitrate (p = —0.9) and chlorophyll (p = —0.7); light
attenuation for strong positive correlation with chlorophyll (p = 0.8);
primary productivity for strong positive correlation with chlorophyll (p
= 0.9); oxygen for moderate negative correlation with temperature (p =
—0.7); and phosphate for moderate positive correlation with nitrate (p
= 0.7). Correlation among the remaining predictors did not exceed p =
0.6.

2.5.5. Data partitioning for model training and testing

Lifeform and environmental variable time-series for each assessment
unit were then split into separate training and testing sets. For each time-
series, a discrete period representing 30 % of the temporal range, and
randomly positioned along the time-series, was extracted to serve as a
testing, or hold-out, set to validate model predictive accuracy on unseen
data. We used a discrete period of consecutive months for the testing
data instead of randomly sampling months across each time-series. This
approach was chosen because the data represent the trend component of
each time-series, making adjacent samples temporally autocorrelated
and non-independent. For each grid cell, testing data covered 100
consecutive months, equivalent to 8.3 years. The remaining 70 % of
each time-series was used to train the models. Missing values in the
environmental dataset were imputed separately for the training and
testing datasets using the R package ‘missRanger’ (Mayer and Mayer,
2019). This approach predicts missing values by generating a separate
random forest model to predict each environmental variable, using the
remaining environmental variables as predictors.

2.5.6. Model evaluation

The predictive accuracy of each model was assessed in terms of the
R? and root mean squared error (RMSE) of predictions on the out-of-bag
(OOB) data, and on the testing data. OOB data represents the subset of
training data that was not used in the construction of each individual
tree, while models were completely naive to the testing data. Large
differences in the R? of observed versus predicted values between OOB
and testing data would indicate the variables we examined were poor
predictors of current trends in lifeform abundance. The direction and
consistency of long-term trends in lifeform abundance and environ-
mental predictors were assessed across the study area using the non-
parametric Kendall trend test from the R package ‘EnvStats’ (Millard,
2013) on the de-seasonalised mean values (Bedford et al., 2020b;
Holland et al., 2023c).

2.5.7. Relative variable importance ranking

To interrogate the ability of predictor variables to predict the
abundance of lifeforms, variable importance scores were ranked ac-
cording to their relative position among the other predictors to generate

Science of the Total Environment 952 (2024) 175793

a relative variable abundance ranking which was comparable across
models, with 1 indicating the predictor variable with highest impor-
tance, and 0.05 indicating the lowest importance for a model with 20
predictors. These were then displayed as pairwise comparisons on a
heatmap to identify patterns in relationship between predictor and
response variables across multiple models. This approach was adapted
from the methodology used to assess links between trends in pelagic
habitats indicators and environmental variables for the OSPAR Pelagic
Habitats Thematic Assessment 2023 (Holland et al., 2023a, 2023b).

2.5.8. Spatial pattern analysis and partial dependency

To assess spatial patterns in environmental variables and in the
distribution of lifeforms, we calculated mean values per grid cell for the
de-seasonalised environmental predictors and for the six lifeforms. We
also compared the amount of variability attributed to spatial and tem-
poral factors in each predictor. To assess temporal variability, we
calculated the standard deviation across the time-series for each grid
cell. For spatial variability, we computed the standard deviation across
the grid for each month. We then compared the distribution of standard
deviation values using one-way t-tests.

Finally, to investigate relationships between lifeform abundance and
predictor variables in each model, partial dependency plots were
generated for the five lifeform abundance predictors, and for brevity the
environmental predictors with the top five greatest variable importance
scores. Partial dependency plots (PDPs) illustrate how lifeform abun-
dance changes across the range of a single predictor variable, while
keeping other predictors constant (i.e., at their mean). PDPs can be
useful for identifying trends, peaks, or valleys in linear and non-linear
relationships. However, PDPs assume independence between pre-
dictors and therefore cannot account for interactions. PDPs also repre-
sent average relationships across the full training dataset, so they may
not accurately reflect individual observations.

3. Results
3.1. Spatial distribution of lifeform abundance

Spatial patterns in lifeform distribution indicated that diatom and
dinoflagellate abundance were concentrated along the southern coast of
the North Sea, with hotspots of very high abundance off the Flemish
coast for diatoms and in the eastern North Sea for dinoflagellates
(Fig. 3). Large and small copepods exhibited distinct distributions, with
small copepods concentrated in a pattern similar to diatoms, while large
copepods were found in the offshore shelf areas of the northern North
Sea and Celtic Sea. Meroplankton were most abundant across the North
Sea and Celtic Sea, reflecting the location of the continental shelf, while
fish larvae/eggs were primarily concentrated along the southern coast of
the North Sea and along the east coast of England and Scotland.

3.2. Relative importance of predictor variables

Our random forest models captured between 94 % and 96 % of the
variability (OOB R?) in lifeform abundances, indicating that the selected
predictor variables captured substantial variation in the abundance of
each. Bathymetry and longitude were consistently ranked as the envi-
ronmental variables with high importance across most models (Fig. 4,
Fig. 5). Temperature, mixed layer depth, chlorophyll, nitrate, and the
nitrogen-to-phosphorus ratio (Nitrogen:Phosphorus) were ranked
consistently high across models, while current and wind velocity, cloud
cover and climate oscillations (i.e., AMO, NAO) ranked low.

See Supplementary results for descriptive spatial and temporal pat-
terns in lifeform abundance and environmental predictors, long-term
trends in lifeform abundance and environmental predictors, accuracy
of the spatial interpolation, and the comparison of spatial versus tem-
poral variability.
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Fig. 3. The mean distribution of abundance values for the six plankton lifeforms across the time-series of the environmental data (1993-2021).

3.3. Different lifeforms have distinct relationships with predictors

Partial dependency plots for environmental predictors indicate that
lifeforms have unique responses to environmental changes, although
there are some shared responses to individual predictors and positive
correlations with one another (Fig. 6, Fig. 7). For instance, the abun-
dance of large copepods declined in shallower areas, whereas mer-
oplankton and fish larvae/eggs increased (Fig. 6), yet their abundances
were all positively related to one another (Fig. 7). Small copepods
responded positively to temperature, whereas meroplankton abundance
declined above 12.5 °C. Diatoms and fish larvae/eggs both had negative
relationships with pH, while meroplankton and fish larvae/eggs were
negatively related to mixed layer depth. Diatoms and fish larvae/eggs
both had positive relationships with the nitrogen-to-phosphorus ratio,
whereas small and large copepods had contrasting relationships with
nitrate— positive and negative, respectively.

The high OOB R? scores across all models and the consistently high
variable importance attributed to the abundance of other lifeforms
suggest that these independent lifeforms co-vary in predictable patterns
relative to one another, despite sharing no common taxa. Small co-
pepods, diatoms, dinoflagellates and meroplankton demonstrated strong
positive correlations with one another, suggesting that the abundance of
these groups is affected by similar drivers and/or the plankton assem-
blage is dominated by bottom-up food web processes. Similarly, fish
larvae/eggs and meroplankton also appear closely linked, with high
relative variable importance and strong positive partial dependency
relationships for corresponding predictors in the two models.

3.4. Predicting change in lifeforms

The random forest models performed well at predicting lifeform
abundance for OOB values across the range of 234 months or 19.5 years
of data used for training the models. Small differences in the R? of
observed versus predicted data between the models' fitted data (OOB
data) and data the models were naive to (test data) can indicate whether
the examined variables were suitable predictors of trends in lifeform
abundance (i.e., OOB R2 - Test R2). The anticipated difference between

OOB and Test R2 values ranged from 0.16 for meroplankton to 0.36 for
fish larvae/eggs (Fig. 4). Despite this large difference in predictive
ability, meroplankton and fish larvae/eggs were relatively good pre-
dictors of one another. The high test R? for meroplankton indicates that
relationships present in the training data remained relatively consistent
across the data used for the training period. For fish larvae/eggs the high
variability in the response was poorly captured by the model.

Across the training time-series for the two case-study assessment
units, models were able to predict variation at near-annual scale, as
evidenced by how closely predicted values tracked the general trajectory
of the observed training data (e.g., large copepods and small copepods in
CWM and NNS), but were less well-suited to capturing month-to-month
variation present in more dynamic time-series (e.g., dinoflagellates and
fish larvae/eggs in NNS) (Fig. 8). Across all models, the accuracy of
predictions on training data ranged from 0.89 to 0.95 for CWM, and
from 0.89 to 0.93 for NNS. For predictions on testing data, these values
ranged from 0.001 to 0.56 for CWM, and from 0.001 to 0.45 for NNS. A
few very low test R? scores (e.g., 0.001) indicate that for some grid cells
lifeform abundance did not always behave predictably, however, the
reasonably high test R? scores for predictions across the full spatial
domain of each model (see Fig. 4) suggest that predictability was only
poor for a minority of grid cells (Fig. S 3). For most time-series, pre-
dictions on testing data followed the net increasing or decreasing trend
in lifeform abundance across the duration of testing data. This obser-
vation suggests that the random forest regression models performed
better at predicting long-term abundance trends versus predicting
month-to-month variation, even for time-series that had seasonality
removed. This was particularly evident for diatoms and dinoflagellates
at CWM and for dinoflagellates, large copepods and meroplankton at
NNS.

Comparing R? and RMSE values, there was no clear difference in
predictive ability between the two assessment units. There were also no
obvious spatial patterns in predictability across the domain of the
models (Fig. S 4), however, for some lifeforms test prediction accuracy
was marginally greater in the centre of the North Sea and Celtic Seas,
where survey coverage was also greatest (see Fig. 1). These results
illustrate the important differences in predictability on data used to train
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Fig. 4. Mean variable importance for the six plankton lifeforms at the regional scale, as determined by the impurity in the variance of the response. Out of Bag (OOB)
R*(R squared) and RMSE (Root mean squared error) values for each random forest model are indicated above each facet title. OOB R? indicates the mean prediction
accuracy on each training sample, using only the trees that did not have this sample in their bootstrap sample. OOB RMSE indicates the root mean square prediction
error of the same data. Predictor variables are coloured according to whether they represent the abundance of other lifeforms (Lifeform predictor) or environmental
data (Environmental predictor). Descriptions of each environmental predictor can be found in Table S 2.

the models versus unseen test data, and the high degree of variability in evident. We also show that the abundance of plankton lifeforms can be
lifeform time-series among lifeforms and across the study region. predicted using our models.

In summary, our results show that changes in the abundance of
plankton lifeforms are largely positively related to the abundance of 4. Discussion
other plankton lifeforms. However, distinct and even contrasting re-
lationships of lifeforms with environmental change gradients, including This study found that bathymetry, longitude, temperature, mixed
those associated with climate change and nutrient pollution, were layer depth, chlorophyll, and nutrient ratios were all important
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Fig. 5. Heatmap of pairwise relative variable importance ranking for all predictors from 1 (highest relative importance) to 0.05 (lowest relative importance).
Environmental predictor variables are ordered in terms of mean relative variable importance.

predictors of plankton lifeform abundance. However, lifeforms exhibi-
ted a range of responses to these predictors, highlighting the complexity
of interactions between physical and chemical ocean conditions and
plankton dynamics. Plankton lifeforms also showed predictable co-
variation in abundance, with strong positive correlations among
certain groups, such as small copepods, diatoms, and dinoflagellates, as
well as meroplankton and fish larvae/eggs. This suggests that shared
environmental drivers influence variations in their abundance. This co-
variation underscores the intricate interconnectedness of pelagic habi-
tats and the importance of considering multiple lifeform groups in
biodiversity assessments. The physical, chemical, and ecological vari-
ables we examined were effective predictors of plankton lifeform
abundance across space and time, indicating that trends in these vari-
ables align with trends in lifeform abundance documented in Holland
et al. (2023c) and Bedford et al. (2020b).

4.1. Changes in pelagic habitat conditions

The changes in plankton lifeform abundance for the North-East
Atlantic presented here, which have been found to be associated with
climate change and nutrient pollution, are indicative of widespread
deteriorating pelagic habitat conditions associated with anthropogenic
pressures (Dailianis et al., 2018). Our models provide information on
where along gradients of environmental change we can anticipate
change in lifeform abundance (Fig. 6), and thereby help improve un-
derstanding of where and how much anthropogenic pressures need to be
reduced to achieve environmental ambitions set by OSPAR, UKMS and
MSFD. For example, we can anticipate changes in the community
composition and size distribution of plankton, primarily driven by di-
noflagellates, small copepods and meroplankton, as mean annual tem-
peratures increase from 11 to 13 °C (Fig. 6). Additionally, both direct
and indirect effects (i.e., through food webs) of changes in nutrient
concentrations, especially where riverine inputs are high, are expected
to influence these dynamics (Fig. S 5).

The region covered by this study is experiencing an increase in
thermal stratification intensity and a prolonged duration of the summer
stratified period due to climate change (Bopp et al., 2013), driving de-
creases in phytoplankton productivity (Edwards et al., 2022; Schmidt
et al., 2020; Steinacher et al., 2010). Although the mixed layer depth is
not shoaling uniformly across the study region (Somavilla et al., 2017),
it is likely that increases in stratification intensity are impacting the
abundance of plankton lifeforms, with additional impacts caused by
rising water temperatures (Winder and Sommer, 2012), driving

poleward shifts in the distribution of plankton taxa (Barton et al., 2016).

The North Sea and Celtic Seas have experienced increased phosphate
limitation for coastal ecosystems (Breton et al., 2022) as a result of
nutrient management efforts commencing in the 1980s (Lenhart and
GroBe, 2018). This has led to a strong offshore gradient from phosphorus
to nitrogen limitation in the North Sea, which may lead to changes in the
growth, species composition and nutritional quality of the phyto-
plankton community (Burson et al., 2016). Our analysis revealed that
the ratio of nitrogen-to-phosphorus, and to a lesser extent nitrate alone,
were important predictors of plankton lifeform abundance. It is possible
that imbalanced nutrient ratios are influencing the abundance of these
lifeforms, through direct effects on nutrients available to diatoms and
indirect effects on meroplankton and fish larvae/eggs (i.e., through
changes in the supply of phytoplankton). In support of our findings, a
recent study using non-CPR data concluded that diatom communities in
the eastern Channel are being impacted by nutrient reductions and
climate change-driven warming (Breton et al., 2022). Given this body of
evidence and studies which show that aquatic trophic transfer efficiency
can be impaired by warming-induced nutrient stress (Atkinson et al.,
2024; Barneche et al., 2021; Capuzzo et al., 2018; Du Pontavice et al.,
2020), future work could attempt to quantify how changes in nutrient
concentrations may interact with climate change.

The importance of longitude and bathymetry as primary drivers of
variation in most lifeforms is challenging to interpret. Both variables
exhibit spatial variation but remain constant over time, indicating that
their correlation with lifeform abundance is purely spatial. In the region
we assessed, both longitude and bathymetry follow a gradient from off-
shelf to on-shelf conditions, coinciding with gradients in nutrient supply,
tidal mixing, salinity (from freshwater inflow) and benthic-pelagic
coupling (Emeis et al., 2015). The distribution of meroplankton and
fish larvae/eggs is strongly influenced by proximity to on-shelf spawn-
ing adult populations (Highfield et al., 2010). Meroplankton, in partic-
ular, arise from the connectivity between benthic and pelagic habitats,
which tends to align with bathymetric gradients (Hidalgo et al., 2014).
Gradients in longitude and bathymetry also intersect with the European
shelf-edge current and the Flamborough Front, which act as barriers to
phyto- and zooplankton by controlling temperature and advection,
thereby influencing biodiversity patterns (Kléparski et al., 2021).

4.2. Plankton lifeforms covary with each other

Variable importance and partial dependency relationships suggest
that diatoms, dinoflagellates, and small copepods, as well as
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Fig. 6. Partial dependency plots for the six plankton lifeforms, indicated on the right of each row of plots, display the top five highest-ranked environmental

predictor variables, ordered by variable importance score (displayed as “Imp” inside each subplot).
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Fig. 7. Partial dependency plots for the six plankton lifeforms, indicated on the right of each row of plots, displaying the five lifeform abundance predictor variables.

“Imp” indicates the variable importance score for the corresponding predictor.

meroplankton and fish larvae/eggs, are two ensembles of lifeforms
which co-vary in a very similar manner across space and time. Despite
their overlap in spatial distribution (Fig. 3), the analysis of abundance
trend direction indicated that diatoms have largely increased in abun-
dance while dinoflagellates have decreased across much of the region
(see Fig. S 6). Positive correlation among lifeforms suggests that they
respond in similar ways to environmental variation, or that there is some

11

dependency among them. Copepods and meroplankton have similar
trophic levels and thus likely compete for resources. In our analysis,
meroplankton were dominated by echinoderm larvae, while large and
small copepods were dominated by Calanus and Acartia spp., respec-
tively. All three groups primarily feed on phytoplankton, although
many, including Acartia spp. (Kigrboe et al., 1996) and C. finmarchicus
(Nejstgaard et al., 1997), also consume microzooplankton. Thorpe et al.
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Fig. 8. Observed (black line) versus predicted (red line) values for two grid cells of interest: Channel Well Mixed (CWM), and Northern North Sea (NNS) for the six
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(2022) concluded that high abundances of small copepods in the North
Sea were influenced by increased chlorophyll-a concentration through
bottom-up control. It is probable that variation in the abundance of
phytoplankton lifeforms, through warming and changes in nutrient
concentration (Di Pane et al., 2022), may influence the abundance of
small copepods and meroplankton consumers (Marques et al., 2024).
The key take home message from our correlations between lifeforms is
that the abundance of these groups in the plankton assemblage appears
dominated by bottom-up food web processes, with no compelling evi-
dence of top-down control from zooplankton on phytoplankton life-
forms, for instance.

It is important to note that our analysis did not include key carni-
vores other than fish larvae and carnivorous copepods; carnivores such
as chaetognaths, siphonophores, ctenophores, and cnidarians did not
fall into the lifeforms examined here. Consequently, top-down control
within the plankton community cannot be justifiably ruled out. These
groups, particularly gelatinous zooplankton, are poorly represented in
the CPR Survey due to their non-quantitative capture (Baxter et al.,
2010), which prevented their inclusion in our study. There has been a
suggested increase in the dominance of carnivorous zooplankton glob-
ally, often at the expense of copepods (Gibbons and Richardson, 2009;
Heneghan et al., 2021). This underscores the need for better represen-
tation of these organisms in monitoring programs to enhance biodiver-
sity assessments of pelagic habitats (Long et al., 2021).

4.3. Predicting lifeform abundance

In many cases, the direction of change in the abundance of plankton
lifeforms has been consistent in the long-term, with most lifeforms in
this region demonstrating net decreasing trends, except in the case of
diatoms, meroplankton and fish larvae/eggs (Bedford et al., 2020b;
Holland et al., 2023c). While 29 years (1993 to 2021) is not a particu-
larly long duration in the context of environmental change, it represents
a very long time in terms of plankton lifecycles. The duration of the
analysis is a core strength of this study, reinforcing the observation that
pelagic habitats in the North-East Atlantic are changing (Holland et al.,
2023c).

Fish larvae/eggs demonstrated the greatest decrease in model pre-
dictive accuracy between the training and testing data, indicating that
trends in their abundance were particularly difficult to predict, relative
to the other lifeforms. This low predictability was likely influenced by
the highly patchy distribution of fish larvae/eggs in space and time
(Jansen et al., 2012). This observation might also relate to the fact that
nursery areas are mainly located in coastal environments where the CPR
does not sample (Bils et al., 2012; van der Veer et al., 2024). It is possible
that there were periods in time when large changes occurred across
multiple grid cells, making lifeform abundance during that period
particularly difficult to predict. Thus, random assignment of testing
period data in each time-series undoubtedly influenced the accuracy of
individual predictions (i.e., on each grid cell), however this likely bal-
ances out when all grid cells in the study region are considered. It is also
important to note that this analysis was largely based on modelled
environmental data, and in some cases remotely sensed variables. The
uncertainty arising from discrepancies between hydrodynamic and
biogeochemical model outputs and the validation data used to train
these models must also be considered in the results.

4.4. Future work

Consistently high variable importance and strong monotonic re-
lationships with longitude in most models provide evidence that some of
the spatial variability in lifeform abundance was linked to geographical
and/or oceanographic characteristics that were not explored in this
study. The range of longitude we examined corresponds with environ-
mental variables known to more directly impact plankton (e.g., salinity,
nutrient supply, chlorophyll, oceanic fronts) (Emeis et al., 2015), but

13

Science of the Total Environment 952 (2024) 175793

could also be an important proxy for biological processed such as
dispersal and habitat connectivity (Ayata et al., 2010; Bendtsen et al.,
2023). Similarly, bathymetry correlates with a host of possible drivers of
plankton assemblage structure such as light levels, oxygen concentration
and resource supply. Future work could attempt to attribute this vari-
ability to direct drivers to establish whether important temporal changes
are currently going undetected. It will also be important to explore how
relationships between lifeform abundance and environmental variables
change at different spatial scales (Graves et al., 2023; Scott et al., 2023)
and to dig deeper into potential links with climate change (Bedford
et al., 2020b; Holland et al., 2023c).

Our analysis focused solely on trends in plankton lifeform abun-
dance. Future work should apply our methodology to study trends in
biomass, as this would better represent energy flow in pelagic food webs.
Efforts are underway to facilitate such studies by converting abundance
data into estimated biomasses. It is important to note that while abun-
dance is directly measured, biomass is secondarily estimated.

Finally, future work should attempt to incorporate seasonality, since
several authors have now shown that trends in plankton are driven by
summer events when warmer sea surface temperature drives particu-
larly high demands from nutrient-limited food to support growth
(Capuzzo et al., 2018; Edwards et al., 2022; Schmidt et al., 2020).

4.5. Policy implications and final conclusions

Basing this study on plankton lifeforms has allowed us to directly link
variations in the marine environment with biodiversity indicators that
are important for regional marine policy, due to the fundamental role of
plankton at the base of marine ecosystems (McQuatters-Gollop et al.,
2019a). Focusing on groups of taxa that perform similar ecosystem
functions (i.e., lifeforms) rather than on individual taxa, has facilitated
an understanding of broad ecological processes and increased compa-
rability with other work using plankton lifeforms (Bedford et al., 2020b;
Holland et al., 2023a; Holland et al., 2023c; McQuatters-Gollop et al.,
2019a). Considering the vast diversity of plankton species, grouping
them by functional role also supports more manageable assessments of
ecosystem health and intercomparison between different marine re-
gions, which is crucial for broad-scale policies like OSPAR and MSFD.
Our work highlights the critical need to address climate change and
nutrient pollution to meet international ambitions set by OSPAR, the EU
MSFD and the UKMS for achieving Good Environmental Status and
restoring biodiversity where it has been degraded.

By analysing nearly three decades of data from the CPR Survey, this
study provides robust evidence of how environmental variability im-
pacts the plankton community. This long-term perspective is essential
for understanding the effects of climate change and nutrient pollution on
marine biodiversity. Our findings emphasise the need for comprehensive
monitoring of plankton and environmental variables to gain a better
understanding of the state of pelagic habitats and to support effective
marine conservation and management. Identifying the specific drivers of
change in the plankton community is essential for addressing broader
ecosystem health and achieving Good Environmental Status as
mandated by international frameworks.
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