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Abstract Phytoplankton communities in the open ocean are highTdimensional, sparse, and spatiotemporally
heterogeneous. The advent of automated imaging systems has enabled highTresolution observation of these
communities, but the amounts of data and their statistical properties make analysis with traditional approaches
challenging. Spatiotemporal topic models offer an unsupervised and interpretable approach to dimensionality
reduction of sparse, highTdimensional categorical data. Here we use topic modeling to analyze neuralTnetworkT
classified phytoplankton imagery taken in and around a retentive eddy during the 2021 North Atlantic EXport
Processes in the Ocean from Remote Sensing (EXPORTS) field campaign. We investigate the role physicalT
biological interactions play in altering plankton community composition within the eddy. Analysis of a water
mass mixing framework suggests that stormTdriven surface advection and stirring were major drivers of the
progression of the eddy plankton community away from a diatom bloom over the course of the cruise.

Plain Language Summary Plankton communities in the ocean can have many different species, with
large differences in their abundance and patchy distributions in space. Automated imaging systems allow for
highTresolution observation of these plankton communities, but many traditional statistical techniques fail to
capture their full complexity. Spatiotemporal topic models, a kind of statistical model designed to work directly
with categorical data, can effectively represent this kind of information. In this work, we use topic models to
analyze plankton images taken near an eddy in the spring of 2021 and classified into 50 different kinds of
plankton with an automated algorithm. We investigate how interactions between ocean physics and biology can
change the plankton community inside the eddy. Analysis suggests that storms in the area moved surface water
carrying a different plankton community into the eddy.

1. Introduction and Background
Marine plankton communities are highly dynamic (Ryther, 1969), with impacts from shortT (Mahadevan, 2016)
and longTscale (Raitsos et al., 2014) ocean physics, weather (Fiorendino et al., 2021) and climate (Henson
et al., 2021), chemical presence (Ianora et al., 2011) and nutrient availability (Barcelos e Ramos et al., 2017), and
biological interactions (Banse, 1994). In turn, plankton populations have major impacts on the entire marine food
web (Frederiksen et al., 2006), commercial fishing and aquaculture (Brown et al., 2020), and ocean carbon fluxes
(Guidi et al., 2016). Understanding how plankton communities respond to external disturbance is therefore crucial
for economic and climate forecasting efforts.

In the Northeast Atlantic, which has a strong and energetic eddy field and experiences vigorous wintertime
convection, ocean physics plays an important role in mediating phytoplankton community dynamics on a wide
range of spatiotemporal scales. Interannually, the North Atlantic Oscillation may impact the community balance
between diatoms and dinoflagellates (Allen et al., 2020; Henson et al., 2012). Seasonally, the onset of spring
diatom blooms has been linked to a shutdown of wintertime convection (Taylor & Ferrari, 2011) along with solarT
(Sverdrup, 1953) and eddyTinduced (Mahadevan et al., 2010, 2012) restratification. In addition to temporal
changes, the existence of an energetic eddy field creates horizontal heterogeneity and patchiness in phytoplankton
productivity and type (Lévy & Martin, 2013; Martin, 2003).
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Many approaches for characterizing plankton communities are too lowTresolution — either spatiotemporally or in
terms of the compositional information acquired — to fully resolve important internal and external dynamics in
marine ecosystems. Genomic data from seawater sampled via bottle casts on a ship is limited by the deployment
frequency of the sampling rosette (hours). Conversely, bulk property sensor deployments such as fluorometers on
profiling moorings can provide highTfrequency measurements but lack fine plankton composition resolution.

In contrast, automated imaging techniques can sample at high temporal resolution, with enough detail to resolve
relevant taxonomic distinctions. The Imaging FlowCytobot (IFCB) (Olson & Sosik, 2007) uses flow cytometry
integrated with video imaging to detect phytoplankton cells in seawater samples. The IFCB typically samples
automatically two to three times per hour, generating thousands of plankton images per sample. Due to the high
temporal resolution and information density, full manual review of IFCB data sets is impractical. Instead,
classification typically proceeds with machine learningTbased classifiers. Ecologically relevant classification of
IFCB images with machine learning algorithms such as convolutional neural networks (CNNs) has been well
documented (Campbell et al., 2010; Catlett et al., 2023; Olson & Sosik, 2007; Olson et al., 2017; Peacock
et al., 2014).

The plankton community composition dynamics observed through image time series are nonlinear, with highT
dimensional and spatially heterogeneous (patchy) communities. These properties make data analysis chal-
lenging. Statistical tools such as Principal Component Analysis (PCA) and (nonT)metric Multidimensional
Scaling (NMDS and MDS) greatly reduce the dimensionality of the data while preserving part of the higherT
dimensional structures and patterns. But some of these tools make unrealistic assumptions about how data are
generated. For example, PCA assumes that observations decompose into realTvalued weightings of orthogonal
eigenvectors, but actual underlying trends in communities need not be orthogonal. Other tools, like (N) MDS,
may not make any generative assumptions at all, and provide a purely descriptive approach to dimensionality
reduction.

Topic models offer an approximate but robust and interpretable alternative to classical dimensionality reduction
approaches. Topic models are a class of Bayesian graphical model that factor the distribution of categorical
observations with latent “topics”, which themselves represent distributions over observation categories. A key
early topic model, the Latent Dirichlet Allocation model (Blei, David M. et al., 2003), was originally used to
model text documents. With a Bayesian inference algorithm, the Latent Dirichlet Allocation model converges on
topics with semantic meaning, organized by coToccurring clusters of words. The RealTtime Online Spatiotemporal
Topic (ROST) model extends the Latent Dirichlet Allocation model to operate on data with an associated
spatiotemporal context (Girdhar et al., 2014). ROST alters inference so that the topic distribution at a particular
point in spacetime incorporates information from nearby points (Girdhar & Dudek, 2015). This allows learned
models to generate realistic spatiotemporal distributions for topics. The ROST model has been used to model
distributions of corals and seafloor types from robotic surveys of coral reefs (Jamieson et al., 2021), and topics
learned from a ROST model have been previously shown to capture meaningful coToccurrence relationships from
phytoplankton observation data (Kalmbach et al., 2017).

Compared to standard dimensionality reduction based community modeling approaches such as PCA and NMDS,
topic models are more directly interpretable. PCA components are eigenvectors of the covariance matrix, and
loadings for a given variable and component represent the correlation between them. But component weights for
each observation may be arbitrary positive or negative real numbers. In fact, the location of data in the lowerT
dimensional space will only be a rotation and flattening of the highTdimensional data. NMDS embeddings are
even less directly interpretable than PCA components. NMDS embedding dimensions do not directly correspond
to any variables, and the values produced are nonTquantitative. Further clustering analysis on NMDS embeddings
can identify similar data points, but relationships between observed variables are still not directly encoded and
must be inferred. In contrast, topic models produce both a distribution of topics over (spaceT) time, and a dis-
tribution of variables within each topic. The distribution of variables within each topic is a valid categorical
probability distribution, and the probabilities can be understood as relative abundances of a particular variable
within a given community.

In this paper, we use a Bayesian topic modeling approach to characterize surface plankton community variability,
and uncover mechanisms by which disturbance influences that variability. We highlight how topic modeling
augments a more traditional NMDSTbased approach to link specific coToccurrence patterns to observed simi-
larities in data. With a pseudo passive tracer approach, we show that the learned topic model agrees with a stormT
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driven surface advection hypothesis for explaining plankton community variability inside a coherent North
Atlantic eddy.

2. Methods
2.1. Survey Site and Timeline
The Porcupine Abyssal Plain (PAP) sits near the transition zone between the North Atlantic subpolar and sub-
tropical gyres (Chaudhuri et al., 2011; Eden & Willebrand, 2001; Henson et al., 2012). The presence of a longT
term observatory at PAP, as well as continuous plankton recorder surveys across the region, provide a long history
of community level plankton data. This site was chosen for study in the EXport Processes in the Ocean from
Remote Sensing (EXPORTS) 2021 spring campaign, which was focused on characterizing the processes con-
trolling carbon flux in the vicinity of a mesoscale eddy (Johnson et al., 2023). An extensive eddy tracking
campaign preceded a three ship adaptive sampling effort, allowing for coordinated deployments of instruments
and resolution of O →100m↑ spatial variability.

The North Atlantic is characterized by warm salty waters from the south and cold fresh waters from the north. The
energetic eddy field stirs these waters, creating sharp variations in temperature and salinity around the eddy edges.
Three surface water masses were identified near the survey site, distinguished primarily by spice (e.g., a measure
of the temperature and salinity along density surfaces (McDougall et al., 2021)) and density. A surface core water
mass is defined as water within 15 km of the eddy center (hereafter referred to as core waters). For surface waters
outside of the eddy, coldTfresh and warmTsalty water masses are distinguished by a spice threshold of 2.1. A
particularly relevant source of horizontal variability is a warm/salty (high spice) filament to the south east that is
wrapped around the eddy periphery by the geostrophic flow; hereafter referred to as the “filament” (Figure 1b).
Further details about water mass classification are given in Johnson et al. (2023). Johnson et al. showed that storm
driven Ekman currents caused exchange between core water and surrounding water classes. In this work we focus
on how that exchange impacted phytoplankton communities in the core waters of the eddy.

Figure 1. As part of the May 2021 EXPORTS North Atlantic field program, the R/V Sarmiento de Gamboa performed
extensive oceanographic sampling in and around a retentive eddy in the northeast Atlantic ocean. (a) R/V Sarmiento de
Gamboa cruise track, with date indicated in color. Two clear deviations from the sampling plan reflect the ship's avoiding of
a pair of storms during the cruise. The rectangle indicates the region pictured in (panel 1b). (b) SatelliteTderived sea surface
temperature (colors) and sea surface height (contours) in the vicinity of the quasiTretentive eddy, 13 May 2021. Gray stars
represent all daily postTprocessed eddy centers during May 2021, while the yellow star represents the eddy center on 13 May.
(c) The two main sampling periods planned in advance of the cruise (Epoch 1, 1–10 May, and Epoch 2, 11–20 May) were
interrupted by storm activity.
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2.2. Data Collection
From May 5 to 21 2021, the R/V Sarmiento de Gamboa conducted sampling of a targeted retentive eddy
(Figure 1a). With an Imaging FlowCytobot (McLane Reseearch Laboratories, Inc.) plankton imaging system
sampling from a diaphragm pumpTbased underway seawater sampler, images of surface plankton were taken
approximately every 20 min (Sosik, 2023a, 2023b). These images were classified with a CNN to produce a time
series of 50 different plankton taxa concentrations.

The EXPORTS field program targeted sampling within and around a single mesoscale eddy east of the PAP
observatory (Johnson et al., 2023). Sophisticated realTtime eddy tracking (Erickson et al., 2023) allowed data to be
collected in an “eddy center” reference frame, with multiple vessels and assets aimed at characterizing both the
eddy center and the variability across the eddy.

Temporal sampling was designed around three epochs of 7–10 days. These epochs were punctuated by four major
storms that passed through the study site. This work will focus on data collected while the R/V Sarmiento de
Gamboa was on site, which include epoch 1 and 2 and storms on 7–11 May and 14–16 May. These two storms
limited the ability of the three ships to sample near the target eddy at those times. Major analyses of temporal
trends in community composition around the eddy are therefore structured around the impacts of these storms
(Figure 1c).

2.3. Plankton Images and Classification
Regions of Interest (ROIs) extracted from IFCB images (Sosik & Futrelle, 2024) were classified with a CNNT
based classifier. The CNN was trained and evaluated by utilizing the ifcb_classifier program (Batchelder &
Futrelle, 2024) from a base model of base model of inception_v3 on a data set of over 26000 ROIs, with a heldTout
evaluation set of 6644 ROIs. Over 2000 of the validation images were from the SG2105 cruise analyzed in this
paper. All classes had F1 scores above 0.8, with only 12 classes having F1 scores below 0.9. The CNN sorted each
ROI into one of 50 different classes distinguished morphologically (Orenstein et al., 2015). Of these taxa, two
(bead and bubble) are grouped into the “artifacts” category, and five (detritus, detritus_transparent, detri-
tus_theca_fragment, fecal_pellet, and fiber) are grouped into “Other not alive.” ROIs classified into these cat-
egories were removed from the data prior to analysis. An additional taxon, nanoplankton_mix, contained ROIs of
miscellaneous nanoplankton. We found in exploratory model development that topic models learned with
miscellaneous nanoplankton excluded tended to infer more distinguishable topics. In the interest of improving
community composition analysis with topic models, these data were also excluded from further analysis. With the
removal of miscellaneous nanoplankton, artifacts, and nonTliving cateogires, 42 plankton taxa were considered
for the remainder of this paper. See Catlett et al. (2023) for an overview of the methods used for the classifier in
this work, differing only in the training set used.

2.4. NMDS Embeddings
NMDS analyses were run with three different dissimilarity matrices. BrayTCurtis dissimilarity was used with
direct plankton count data, and KullbachTLiebler (KL) divergence was used on plankton relative abundance data
and ROST model topic proportions. KL divergence measures the difference between two probability distribu-
tions. Formally, the KL divergence is the expected log likelihood ratio between two distributions P and Q, if an
observation o is actually drawn from P:

DKL→P↓Q↑ ↔ Eo↗P)log[P→o↑
Q→o↑]⌊

For absolute and relative abundance data, BrayTCurtis dissimilarity provides a quantifiable measure of the dif-
ference between observations. In terms of the relative abundance, we can calculate it as follows (with supp→P↑
referring to the support of P, i.e. the possible values the random variable o ↗ P can take on):

DBC→P↓Q↑ ↔ 1 ↘⌋o∈supp→P↑min→P→o↑,Q→o↑↑

BrayTCurtis dissimilarity is bounded to be between zero and one, and unlike DKL it is symmetric.
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The scikitTlearn python package's NMDS ordination algorithm was used to calculate lowerTdimensional em-
beddings (Pedregosa et al., 2011). Four initialization strategies were compared: random initialization, geographic
initialization, PCA initialization, and higherTdimensional NMDS initialization. Initialization of the embeddings
with principle coordinates from a PCA analysis resulted in the lowest stress of all strategies, and was used for all
further analyses in this paper. NMDS ordinations were used to generate 2D embeddings, to facilitate visualization
and further analysis.

2.5. Topic Modeling
A ROST model was trained to produce four topics →z ∈ ≃1,2,3,4⇐↑ from plankton relative abundance data
→w ∈ ≃1ω42⇐↑. Training was done using the rostTcli command line program for 1,000 epochs, with Dirichlet
hyperparameters Q ↔ 0ω001 and D ↔ 0ω001. Most values of Dirichlet hyperparameters below 1.0 produced
qualitatively similar results, so no rigorous hyperparameter search was performed. The most important hyper-
parameter for model quality was the number of topics, K. We chose four topics for the analysis in the rest of the
paper, as it effectively captures much of the increase in model accuracy over the bulk of the cruise without
including too many negligible communities. Specifically, four topics is the largest number for which each topic
has a distinct dominant taxon (plurality relative abundance). With five or more topics, the ROST model
consistently identified at least 2 topics with a shared dominant taxon. By choosing four topics, the ROST model is
forced to identify the primary coToccurrence pattern associated with each of the most common taxa, instead of
spreading coToccurrence patterns among multiple topics which causes identifiability issues; that is, linear com-
binations of a set of communities can produce an equivalent model.

The ROST model (Figure 2) assumes data are produced by a generative process linking each categorical
observation of a single plankton to latent (unobserved) assemblages or communities of taxa. Every location in
spaceTtime is associated with a particular distribution over communities. To generate an observation, first a
community is randomly chosen for that observation. Then, that community's relative abundances are used as
probabilities to choose the observed taxon. As both community relative abundances and the spatiotemporal
distributions of communities are jointly learned by the model, we infer an effective relative abundance of all
plankton taxa at every location containing observations. By comparing this inferred relative abundance to the
actual relative abundances, we can quantify the accuracy of a set of learned communities. We primarily use DKL to
compare probability distributions. However, for calculation of dissimilarity matrices as an initial step in other
analyses, we also use DBC.

Figure 2. A spatiotemporal topic model factors the distribution of categorical observations P→w↑ in spacetime into a pair of
latent distributions. One latent distribution, the “community model” P→w⇒z↑, represents a series of communities or topics,
each of which is itself a distribution over observation types w. The other latent distribution, the spatiotemporal model P→z⇒x↑,
represents the probability of finding each topic z at any point in spacetime x. By multiplying the spatiotemporal model by the
matrix community model, we can recover a spatiotemporal distribution over observation types with significantly fewer
parameters and desirable structural properties such as sparseness and robustness to rare observation types.
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2.6. Water Mass Mixing
To quantify the extent to which storm events caused surface physical water mass mixing, we consider the
observed plankton concentrations to be ideal (passive) tracers and calculate how close a given sample is to a
sample from a mixture of the water masses. First, we take the mean concentration of each taxon in each water
mass sampled before the first storm. These are mixed in varying ratios, and normalized to produce a mean mixture
relative abundance, representing the hypothetical community of a mixture of the mean of each water mass. At
each point between the two storms when the eddy water mass is sampled, we calculate the mean mixture relative
abundance with the lowest KL divergence to the observed relative abundance. Zero KL divergence implies that a
sampled point's community can be perfectly represented as a mixture of the mean communities seen before the
storm. High KL divergence implies that a mixture model is a poor fit for the data, and the observed community
variability likely has another mechanism (such as vertical mixing or biological dynamics).

3. Results
3.1. NMDS Embedding of Observed Plankton Taxa
NMDS embeddings from a BrayTCurtis dissimilarity matrix calculated with plankton taxon relative abundance
data (Figure 3) highlight how the eddy becomes more similar to the filament water mass after the first storm.
Separating the observations by epoch and water mass (Figure 3a) identifies a tight cluster of observations for the
core water mass in epoch 1. From epoch 1 to epoch 2, the core water mass cluster centroid becomes more negative
along the x component, and more positive along the y component. Additionally, the core surface waters get saltier
over the same timespan (Figure 3b). This also represents a mean shift of the eddy toward the filament. These
results support a mixing/advective source of plankton variability in the core. This is consistent with results from
Johnson et al. (2023), which suggests wind driven Ekman transport advected warm salty water from the filament
into the 15 km radius around the eddy center.

3.2. Community Variability Inferred by ROST Model
Topic models represent coToccurrence patterns as a topic, that is, a probability distribution over observation
categories. These topics are directly interpretable as representing a hypothetical relative abundance matching the
coToccurrence pattern, with real observations being drawn from a mixture of these hypothetical abundances.

Figure 3. (a) TwoTdimensional NMDS embedding of plankton relative abundance data. (b) TemperatureTsalinity diagram.
Stars mark group means for the water mass/epoch combinations listed in the legend. The gray arrow indicates the change in
the eddy water mass mean from epoch 1 to epoch 2.
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Looking at these patterns temporally (Figure 4) highlights the high variability of community 1. Community 1's
relative abundance varies from more than 60% at the peak during epoch 1, to completely absent a few days later
during the first storm. This corresponds to a PseudoKnitzschiaTdominated community (Figure 5) highly present
inside the eddy, especially during epoch 1, but relatively lowTproportion far away from it. We proceed by
breaking out the community relative abundances in both space and time (Figure 6 and Table 1), in order to
characterize broad patterns in community distributions during the cruise.

Figure 4. The relative abundance of topics (“communities”) inferred by the ROST model versus time over the cruise.

Figure 5. Inferred ROST community model proportions for the different taxa in each community.
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Community 1 can be identified with initial PseudoKnitzschia bloom conditions inside the eddy. From the initial
high proportion in the eddy (Figure 6a), community 1 proportions decrease with distance before the first storm
and sharply decrease with time after the first storm inside the eddy (Figures 6c and 6e).

Figure 6. Spatial distribution of proportions for (a–e) Community 1, (f–j): Community 2, (k–o): Community 3 proportions,
and (p–t) Community 4 proportions. All panels aggregate data from one of five time periods indicated in Figure 1c and
presented leftTtoTright: Before the first storm, during the first storm, between the two storms, during the second storm, and
after the second storm. The mean eddy center and extent (15 km boundary) are marked with a red cross and a circle,
respectively. Due to wide deviations in the cruise track during the storms, the second and fourth columns each have their own
latitude and longitude bounds. The first, third, and fifth columns share the same latitude and longitude bounds.
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Community 2 contains a plurality of Dinophyceae. It starts at a low 4%
relative abundance inside the eddy (Figure 6f), and increases throughout the
cruise, ending at a mean eddy relative abundance of 13% (Figure 6j). The
concentration of this community peaks at 81% far away from the eddy during
the second storm excursion (Figure 6i).

Community 3, dominated by Dinophyceae_morphotype3, increases in rela-
tive abundance inside the eddy throughout the cruise, from about 10% at the
start (Figure 6k) to about 45% at the end (Figure 6o). However, these are
strictly lower than the abundances seen far from the eddy (Figures 6l and 6n).
The highest abundances of this community are seen far from the eddy at all
times.

Community 4 has the highest relative abundance of the pennate taxon. Inside
the eddy, this community has three distinct relative abundances before
(Figure 6p), between (Figure 6r), and after the two storms (Figure 6t), with the
mean peaking between the two storms. The distribution is similar just outside
the eddy, with lower proportions than inside the eddy. The highest relative
abundances of this community are seen during the first storm excursion
(Figure 6q), as well as inside the eddy between the storms (Figure 6r). These
peaks are just under 20%, however.

These communities inferred by the topic model are highly informative about the water masses sampled, but do not
match the water masses (Figure 1b) exactly. This suggests that water mass variability is linked to, but not the only
driver of, plankton community variability in the region surveyed.

Overall, the communities seen in the eddy shift markedly over time, transitioning from a PseudoKnitzschia
dominated diatom bloom to a more mixed community. Community 1 (the only community with a significant
proportion of PseudoKnitzschia) makes up 84% of the mean community proportions seen in the core in epoch 1,
but in epoch 2 it decreases to 42% (Table 1). All other communities increase in the core from epoch 1 to epoch 2,
with communities 2 and 4 reaching a maximum between the storms and community 3 increasing throughout the
cruise.

3.3. Topic Models Decompose Compositional Impacts of Physical Water Mass Mixing
The ROST communities inferred in t he eddy after the first storm resemble a mixture of the communities in the
eddy and filament before the first storm (Figure 3a), further supporting the notion that physical mixing (as
opposed to the “waterTmass mixing” analysis approach described in Section 2.6) and/or advection during the
storm are primary drivers of plankton variability in the eddy. In epoch 1, the eddy is dominated by the PseudoK
nitzschia bloom of community 1 (Figure 7b), while the filament is dominated by community 3, which is primarily
Dinophyceae_morphotype3 (Figure 7a). Later in the cruise, the community distribution in the eddy shifts to be
less dominated by community 1 (the bloom community). Instead, the community distribution represents more of a
mixture of the community distribution in the eddy and the filament from epoch 1 (Figure 7c). Johnson et al. (2023)
showed that Ekman currents during storm 1 flushed approximately 73% of the surface core waters that were
replaced with warm/salty waters outside the eddy.

To better highlight the role physical mixing plays in altering plankton community structure, we considered an
endTmember mixing scenario in which the three water masses (core/eddy, warm_salty/filament, and cold_fresh)
are mixed in proportions adding to one. Mean plankton concentrations observed before the first storm are treated
as ideal (passive) tracers, and the mixed concentrations are normalized to produce an ideally mixed community.
For each set of observations taken inside the eddy between the two storms (i.e., after the first storm but before the
second storm), the mixture community with the smallest KullbackTLeibler divergence to the observed community
at that time was determined (Figure 7d).

The mixing analysis suggests that surface advection drives the warmTsalty water mass into the waters above the
eddy core. Plankton taxon distributions in the northwest of the eddy seen after the first storm (Figure 7e) closely
resemble the mean warmTsalty water mass community seen before the storm. East and northTeast of the eddy

Table 1
Mean Community Proportions by Time and Location

Cruise period Location Com. 1 Com. 2 Com. 3 Com. 4
Before storm 1a Insideb 0.840351 0.039149 0.102889 0.017611

Nearc 0.651984 0.177954 0.135293 0.034770
Fard 0.141668 0.114440 0.679642 0.064251

Storm 1e Nearc 0.451712 0.225081 0.216624 0.106584
Fard 0.082952 0.081422 0.658297 0.177329

Between stormsf Insideb 0.422649 0.081400 0.336334 0.159617
Nearc 0.250780 0.085952 0.532940 0.130328
Fard 0.030553 0.217530 0.681103 0.070815

Storm 2g Fard 0.034290 0.225775 0.662466 0.077469
After storm 2h Insideb 0.320021 0.133385 0.468161 0.078433

Nearc 0.116105 0.103529 0.701524 0.078842
Fard 0.021195 0.155310 0.766571 0.056924

aMay 5–7. b<15 km. c15–45 km. d>45 km. eMay 8–12. fMay 13–14. gMay
15–17. hMay 18–20.
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center, postTstorm observations resemble none of the preTstorm mean communities. Observations near the eddy
center, as well as north and south of it, closely resemble mixtures of preTstorm communities in all water masses.

Analysis of shifts in eddy and filament plankton community composition suggest that physical water mass mixing
may be a significant driver of plankton community variability specifically inside the eddy. Before the first storm,
the eddy is dominated by a PseudoKnitzschia bloom, which the topic model represents as a single community
dominating over 80% of the eddy plankton community composition. After the first storm, the eddy has a
significantly lower proportion of that community, especially near the northwestern edge. There the bloom
community is partially succeeded by community 4. Water mass mixing results show that those points with the
highest fraction of the warm/salty water mass have the highest proportion of community 3, with the linear fit
(Figure 7f) having an r2 of 0.986.

4. Discussion
4.1. Topic Models Provide a Quantitative and Interpretable Decomposition
The NMDS analysis (Figure 3a) suggests that after the first storm, the eddy surface plankton community became
more like the epoch 1 filament community. However, the abstract nature of the NMDS embedding precludes an
immediate deeper analysis of the nature of that change. We could, for example, find correlations between the
NMDS components and plankton concentrations for various taxa. But NMDS embedding magnitudes and dis-
tances do not have any intrinsic meaning. Instead of quantitative analysis, an ordination technique such as NMDS
would generally be followed by a qualitative study of correlation with other variables or clustering within the
embeddings (Clapham, 2011). More complex manifold learning techniques (MeilC & Zhang, 2024) such as tT
Stochastic Neighbor Embedding (van der Maaten & Hinton, 2008) and Uniform Manifold Approximation and
Projection (McInnes et al., 2018) make even stronger assumptions about the nature of the highTdimensional
relationships between observations than NMDS in requiring a map of the data into a kTnearest neighbors

Figure 7. (a–c) The proportions of each community versus day of month in the filament during epoch 1, the eddy during
epoch 1, and the eddy during epoch 2 respectively. Colors indicate the same communities as in Figure 4d A water mass
mixing analysis, where the closest water mass mixture to each observation taken in the eddy during epoch 2 is plotted on a 3T
component simplex. The three coordinates on the simplex are x (the eddy water mass fraction), y (the filament water mass
fraction), and 1 ↘ x ↘ y (the coldTfresh water mass fraction). (e) Observations made in the eddy during epoch 2. (f) The relative
abundance of community 3 versus the fraction of the warm/salty water mass assigned to each point in the eddy in epoch 2. A
linear fit has an r2 of 0.986. In (d–f), color indicates the KL divergence between the observed plankton distribution in epoch 2
and the lowest KLTdivergence distribution of all possible water mass mixtures in epoch 1. Red circles indicate points with a
filament fraction above 0.8.
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graph. Choices about how to create this graph, as well as the inherent nonTinterpretability of the embeddings
themselves with these techniques, make their use for quantitative assessments difficult to justify. And deep neural
networkTbased methods are generally supervised, as opposed to these unsupervised clustering methods.

In contrast, topic models are unsupervised and directly support quantitative claims about changes in plankton
relative abundance. The topic model's communities represent point estimates of relative abundances for each
plankton taxon considered in the model. We can therefore inspect spatiotemporal distributions of each community
(Figure 6), analyze trends in mean community proportions (Table 1), and model linear relationships between
these communities and other hypothetical relative abundance distributions (Figure 7f). The inherent interpret-
ability of topic models also allows for more immediate diagnosing of the nature of major trends seen in data.
Consider the temporal distribution of community 1 (Figure 4), along with its associated taxon probabilities
(Figure 5). We can immediately spot that community 1 represents a high PseudoKnitzschia abundance, and by
looking at its spatial distribution (Figures 6a–6e) we conclude that a major source of plankton variability during
the cruise was a PseudoKnitzschia bloom in the eddy that dissipated somewhat after the first storm. These kinds of
inferences are not possible solely with ordination techniques like NMDS; at a minimum, further processing and
analysis of the NMDS output is required.

4.2. Rapid Bloom Dissipation Points to Extreme Event
Friedland et al. (2018) found that dominant seasonal phytoplankton blooms last on the order of weeks to months
across the globe. However, the rather dramatic shift in eddy plankton community composition (from a community
dominated by PseudoKnitzschia to a richer community with higher concentrations of other diatoms) occurred over
several days of stormy weather. The speed with which the eddy shifted away from a bloom state suggests that the
driver of the change may have been an extreme event not well represented by the predominant bloom dissipation
mechanisms previously described.

4.3. Upwelling Hypothesis and Trends in Surface Chlorophyll
Painter et al. (2016) use a particular North Atlantic storm to highlight how storms structure postTstorm plankton
communities by enhancing upwelling. This enhanced upwelling brings nutrients to the euphotic zone, setting up
conditions for a bloom. Liu and Tang (2018) suggest that this mechanism is responsible for observed postT
typhoon chlorophyll fluorescence increases in antiTcyclonic eddies in the South China Sea. In contrast, we
found a decrease in chlorophyll fluorescence, with high statistical significance (although low r2) over the course
of the cruise (Figure 8a). If the surface was already in the middle of a bloom, we might not expect an increase in
productivity. But the observed decrease in chlorophyll fluorescence goes against bloom dynamics being
controlled primarily by stormTdriven upwelling. Additionally, the mixed layer in the eddy deepened during the
storm (Figure 8c). While this points to enhanced vertical mixing, the upper water column has fairly high relative
abundance of PseudoKnitzschia in the eddy before the first storm. Simple dilution through the mixed layer would
not account for the observed decrease in PseudoKnitzschia relative abundance.

StormTdriven deposition of iron or other nutrients would also show up as an increase in chlorophyll fluorescence
(e.g., Yuan et al., 2023). The absence of any such increase (and instead the observed decrease in eddyTcenter
chlorophyll throughout the sampling period) suggests that an influx of nutrients from the storm did not drive
the changes in PseudoKnitzschia abundance.

4.4. StormhDriven Advection and Stirring Control Plankton Variability
We previously argued that the speed with which the eddy transitioned away from the PseudoKnitzschia bloom
community is uncharacteristic of traditional plankton bloom dynamical timescales (Section 4.2). We also found
evidence against a vertical mixing mechanism for the observed changes in eddy plankton community compo-
sition. Instead, our results suggest that horizontal stirring and advection were a major mechanism driving changes
in the eddy community. Several observations taken inside the eddy during epoch 2 have plankton communities
closely linked to the filament watermass (Figures 7d and 7e). These observations, which have among the lowest
KL divergence to the closest water mass mixture of all the observations made during epoch 2, likely represent
stormTdriven advection of filament water into the northwest corner of the eddy. Some data points in the north,
center, and south of the eddy are also fairly well represented as mixtures, with most of the lowest KLTdivergence
observations found at or near the eddyTfilament mixture line (Figure 7d). We can infer that advection likely
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carried filament plankton communities into the eddy, displacing the bloom community there before the storms.
This aligns with Johnson et al. (2023), who found that surface advection and stirring during the storms altered
eddy surface temperature and salinity.

4.5. Limitations and Future Work
This work serves as a demonstration of the successful use of topic modeling for marine plankton ecology, but we
do not make any quantitative contrasts between topic models and more traditional dimensionality reduction
approaches. The different nature of the outputs of different methods (probability distributions in topic models vs.
real numbers in NMDS/PCA/etc.) makes direct comparison and evaluation difficult, even though they operate on
similar kinds of data. Some of these alternative dimensionality reduction and ordination techniques may offer
more quantitative or interpretable outputs.

Our analysis of topic modeling on its own similarly does not quantitatively explore the impacts of the different
ROST hyperparameters on the quality or fit of the resulting embeddings. As with other dimensionality reduction
techniques, increasing the number of dimensions (topics) in the model improves the fit at the expense of model
interpretability and simplicity. The other two hyperparameters control the shape of the prior distribution, and
given enough time their impact is washed out in the inferred posterior. The structure of the data likely play a role
in determining the importance of all of these hyperparameters, and particularly the sensitivity to the prior dis-
tribution. We found that for the plankton data presented here, the prior hyperparameters did not meaningfully
impact the visual quality or KL divergence of the resulting community distributions when varied over several
orders of magnitude.

When using topic modeling as a tool for community inference, shifts in community composition over space and/
or time are mathematically indistinguishable from mixing between two end members. Thus the model may miss
underlying changes in that composition, if the learned topics do not adequately capture end member compositions
and the transition between them. Users of topic modeling approaches must choose the topic number hyper-
parameter to balance model accuracy, computational constraints, and the ecological expressiveness of the model.

Figure 8. (a) Eddy surface chlorophyll fluorescence versus time during the cruise. Each point represents one IFCB sample.
Black triangles indicate mean of a color, and the black lines indicate one standard deviation. The line of best fit for all data is
indicated in black. (b) Distance to eddy center (km, log scale) versus day of month, with surface PseudoKnitzschia relative
abundance in color. Each point represents one IFCB sample. (c) CTD cast Niskin bottle depth (m) with 1D model eddy mixed
layer depth (m), with PseudoKnitzschia relative abundance in color. Each point represents one bottle.
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Understanding the full scope of spatiotemporal variability requires better resolution of subsurface plankton
communities, as well as decoupling surface spatial and temporal observations. IFCBs onboard the other two ships
in the field campaign collected surface and CTD cast plankton imagery. The classifier used on plankton images in
this paper was only validated on a classTbalanced subset of 6,644 images, 2,000 of which were from the SG2105
cruise. Balanced training and validations data sets have been shown to produce models with high testTset F1
scores but relatively lower realTworldTdistrubtion F1 scores (Lee et al., 2016; Nardelli et al., 2022; Olson &
Sosik, 2007). Smaller, hardTtoTdifferentiate plankton tend to occur at higher frequencies than larger and easierTtoT
distinguish taxa in realTworld samples. Our exclusion of the miscellaneous nanoplankton taxon from analysis
likely helps to mitigate this somewhat. As the analyses in this paper are focused on the topic modeling framework
and not the development of the classifier, we do not explore the accuracy of the classification model further.

Beyond the scope of this study, topic modeling approaches have successfully been applied to genomic data from
soil microbial biomes (SommeriaTKlein et al., 2020) and human gut microbiomes (Hosoda et al., 2020). Ex-
tensions of this technique to environmental DNA from a highly dynamic marine environment are possible, but
may require some sophistication and/or use of modeling to account for transport. The ROST model used in this
work naturally extends from analysis of data from one IFCB to the multiTsensor case. ROST neighborhood
calculations for an observation already take into account the spatiotemporal context; even in the absence of
another spatiotemporally “close” sensor, the global community model would learn from all sensors during
inference.

5. Conclusion
In this paper, we demonstrated the power of topic modeling as a tool for uncovering community variability in
marine plankton. The 2021 North Atlantic EXPORTS field campaign produced a large quantity of highTresolution
phytoplankton image data which allow for the resolution of fineTscale spatiotemporal variability in surface
phytoplankton communities. By using topic models to infer latent plankton coToccurrence patterns, we discovered
that stormTdriven advection was a likely source of surface variability in community structure. Notwithstanding
the extreme simplification of treating plankton as pseudo passive tracers, we found strong correlations between a
particular coToccurring plankton community and advection of warm, salty water into the eddy. These findings
highlight the power of topic modeling as a tool for ecological analysis, particularly in the face of large amounts of
spatiotemporally distributed, sparse, highTdimensional categorical data. As the resolution and processing power
of in situ imaging systems continues to grow, we foresee an important role for topic models in improving our
understanding of marine ecological variability.

Acronyms
IFCB Imaging Flow Cytobot, a highTthroughput plankton imaging system that uses flow cytometry

and microfluidics to take pictures of phytoplankton precisely when they are in focus of a
camera lens

ROST RealTtime Online Spatiotemporal Topic model, a Bayesian model for the distribution of
categorical information in spaceTtime

CNN Convolutional Neural Network, a neural network architecture which pools data spatially and
has been widely applied to image classification tasks

PCA Principal Component Analysis, a statistical technique where a data matrix is decomposed
into its eigenvectors to capture major sources of variation

NMDS NonTmetric MultiTDimensional Scaling, a statistical technique for dimensionality reduction
which attempts to preserve structural relationships from high dimensions in lowerT
dimensional embeddings

PAP Porcupine Abyssal Plain, a region of the seafloor in the northeast Atlantic southwest of
Ireland

EXPORTS EXport Processes in the Ocean from Remote Sensing, a NASA field campaign to study
carbon export in the Earth's oceans
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ROI Region of Interest, a portion of an image extracted for further classification

KL Divergence KullbackTLiebler Divergence, a statistical measure of the difference between two probability
distributions

Data Availability Statement
Raw data and products from the NASA EXPORTS program can be found at https://seabass.gsfc.nasa.gov/
(Sosik, 2023a, 2023b). The specific image classifications used in this paper can be found in files prefixed
OTZ_WHOITSG2105_inline_IFCB_plankton_and_particles_202,105 at https://seabass.gsfc.nasa.gov/archive/
WHOI/SOSIK/OTZ_WHOI/SG2105/archive, while information about the protocols used during IFCB sampling
are contained in associated documents in that archive, as well as documents in https://seabass.gsfc.nasa.gov/
archive/WHOI/SOSIK/EXPORTS/EXPORTSNA/archive. IFCB images and associated metadata can be found at
https://ifcbTdata.whoi.edu/timeline?dataset↔OTZ_Atlantic, with a filter for May 2021. The code for ROST can be
found at https://gitlab.com/warplab/rostpy. The code that produces the table and figures in this paper, including
the required analysis, can be found at https://github.com/sanTsoucie/spatiotemporal_topic_modeling_reveals.
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