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Abstract—In this work we develop and demonstrate a probabilistic generative model for phytoplankton communities. The
proposed model takes counts of a set of phytoplankton taxa in
a timeseries as its training data, and models communities by
learning sparse co-occurrence structure between the taxa. Our
model is probabilistic, where communities are represented by
probability distributions over the species, and each time-step is
represented by a probability distribution over the communities.
The proposed approach uses a non-parametric, spatiotemporal
topic model to encourage the communities to form an interpretable representation of the data, without making strong
assumptions about the communities. We demonstrate the quality
and interpretability of our method by its ability to improve
performance of a simplistic regression model. We show that
simple linear regression is sufficient to predict the community
distribution learned by our method, and therefore the taxon
distributions, from a set of naively chosen environment variables.
In contrast, a similar regression model is insufficient to predict
the taxon distributions directly or through PCA with the same
level of accuracy.

I.

I NTRODUCTION

Phytoplankton are microscopic organisms that form the
base of marine food webs. They produce chlorophyll and
other pigments to harvest sunlight and fuel photosynthesis, so
they can utilize CO2 and other nutrients to produce O2 and
new organic matter. As such, they play critical roles in global
biogeochemical cycles and in structuring marine ecosystems.
Marine scientists have long used techniques to measure the
amount of chlorophyll in a water sample as a proxy for
phytoplankton biomass [1]. These methods are coarse and give
only bulk indices, with no information about which species
of phytoplankton are present. Phytoplankton are extremely
diverse, however, and their community structure plays a major
role in shaping ecosystems and their functions. As an extreme
example, particular species are known to cause toxic blooms
that can threaten wildlife as well as human health.
To meet the gap in observational capability that includes
taxonomic resolution, Sosik and Olson have developed the
automated, submersible Imaging FlowCytobot (IFCB) [2] and
a coupled analysis system [3], [4]. This system can detect
and classify phytoplankton automatically in small samples
of ocean water collected serially over long periods of time
(weeks to years). The taxa classified in the Martha’s Vineyard
Coastal Observatory (MVCO) deployment of IFCB, used in

Fig. 1: System Overview: Imaging FlowCyto Bot (top left)
automatically detects and classifies phytoplankton. We aggregate the counts of all the taxa on each day in longterm deployment of IFCB, and use this dataset to learn a
probabilistic community model. We use adjacent sensors at
Martha’s Vineyard Coastal Observatory (12m Sea Node, shown
bottom left) and fit a simple regression model, predicting taxon
distributions from environment variables using the learned
communities. By demonstrating that our method performs this
task well, we show that our community model is both accurate
and interpretable.

this work, show a remarkable level of detail, and are presented
in Fig. 3, (bottom).
In this work we present a model which factors the daily
taxon count aggregates produced by the IFCB into a small
number of communities. A key advantage of our method is
that the communities it produces are sparse, and the daily
community distributions it produces are temporally smooth.
The result is that the learned representation of the data is
more interpretable than standard decomposition methods such
as PCA. It is our goal that community distributions should not
only fit the data, but also provide a meaningful decomposition
enabling further modelling and intuitive understanding. To this
end we choose a simplistic regression model, trained to predict
the community distributions, and therefore taxon distributions,
from a basic set of oceanographic and meteorological vari-

