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Abstract

The high variability of phytoplankton distribution has been unraveled by high fre-
quency measurements. Such a resolution can be approached by automated pulse-shape
recording flow cytometry (AFCM) operating at hourly sampling resolution. AFCM
records morphological and physiological traits as single-cell optical pulse shapes that can
be used to classify cells into Phytoplankton Functional Groups (PFG). However, the asso-
ciated manual post-processing of the data coupled with the increasing size and number of
the datasets is time consuming and carries sources of error. Machine learning models are
now increasingly used to run automatic classification. Yet, most of the existing methods
either present a long training process, need to manually design some features from the
raw optical pulse shapes or are dedicated to images only. In this study, we present a
Convolutional Neural Network (CNN) to classify PFGs resolved by flow cytometry using
the pulse shapes collected by AFCM. The uncertainties of manual classification were first

astimated by comparing experts manual gatingson Redpicopro,Orgpicopro,Redpicoeuk;

dnano, Orgnano, Redmicro-and Orgmicro nhyto bl nktoncells. Consensual particles in
individual PFG were used to train and valide ‘e she CNN. The CNN obtained competitive
performances compared to t-h%‘models used in the literature, and—ppesem,ed—s%ﬁeam

Finally: we assessed the ability oi thls classﬂier to predlct phytoplankton counts at .

diterranean coastal station and from a cruise in the South-West Indian Ocean, pro-
viding further comparison with the manual classification of an expert over three months
long periods.

Keywords— phytoplankton | pulse-shape recording flow cytometry | automatic classification |
deep learning | high frequency
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Introduction

Phytoplankton cells are major actors in ma-
rine environments and in biogeochemical cy-
cles. The amount of seawater dissolved C'Oq
absorbed by phytoplankton cells per unit of
time, called primary production, is estimated
to be equivalent to all of the primary ter-
restrial production. This is the case even if
they represent less than 1% of the total au-
totrophic biomass (Field et al. |1998), sug-
gesting a rapid growth capacity and high
turnover rates (Fowler et al.|2020). Cur-
rently, models estimating primary production
in the ocean present a wide uncertainty range
(Carr et al.|2006; |Saba et al.|2011; Buitenhuis
et al. [2012), mainly due to a—lack—of reso-
lution of the datasets collected (Lévy al.
2012). Indeed, the heterogeneous distribu-
tions of phytoplankton combined with a high
structural and functional diversity highlight
the need for infra kilometer spatial resolu-
tion and infra hour temporal resolution (Ka-
vanaugh et al.|2016)).

Phytoplankton biomass and distribution
are listed as Essential Ocean Variables (EOV)
(Miloslavich et al. 2018)), but datasets with
resolution inferior to 10km are scarce. Auto-
mated pulse-shape recording flow cytometry
(AFCM) (Dubelaar et al.[1999; Dubelaar and
Gerritzen|2000) enables vast automated data
acquisition with hourly sampling strategies
on several important-size-and pigment-related
phytoplarzton groups. AFCM is now in-
volved in numerous oceanographic field stud-
ies and benefits from the growing scientific
interest for automated single cell approaches
(Boss et al. [2020) in monitoring programs.
A dedicated vocabulary with its definition
has been published by a wide group of ex-
perts to describe the most common groups
observed by flow cytometry in natural sea-
waters, and this nomenclature will be used
in this manuscript (http://vocab.nerc.ac.
uk/collection/F02/current/).

Phytoplankton cells are detected using the
emission of fluorescence due to the excitation
of chlorophyll (red fluorescence) and acces-
sory pigments (orange fluorescence of phyco-
erythrin, for instance), AFCM generates a
set of pulse shapes or flow cytometric curves
(FCCs) which represents the optical profiles
of scatter and fluorescences emitted by each
particle (cell) when crossing the 488 nsn laser
beam. Scatter signals collected at small and
large angles (forward scatter (FWS) and side-
ward scatter (SWS) respectively) are related
to the cell size and structure (granularity),
while red (FLR) and yellow-orange fluores-
cence (FLO or FLY) signals are reflecting the
pigment-nature-and-content of the cells. From
the difference between left angled and right
angled FWS pulses, a fifth signal named Cur-
vature is extracted. Instruments can process
up to 10 000 cells per second thanks to a
frequency acquisition of 4 MHz, with sam-
pled volume up to 5 mL routinely. After
data collection, AFCM users generally manu-
ally gathex cells sharing similar optical finger-
prints into o -oups using multiple sets of two
dimensional projections (cytograms). Groups
recognition and identification are based on
seminal papers (Olson et al.[{1985; (Chisholm
et al. [1988; |Green et al.||1996} Jacquet et al.
2002; [Metfies et al. 2010; Ribeiro et al.|2016};
Hamilton et al.|2017; van den Engh et al.

2017; Marrec et al.|[2018)) deseribing Red-
Orgnano-characteristies; In addition to these

groups, Redmicro and Orgmicro cells can be
counted by AFCM and identified to a coarse
taxonomic level (typically up to the genus)
using recent integration of image-in-flow de-
vices (Dugenne et al|]2014)). These size and
pigment-related groups belong to several phy-
toplankton functional groups (PFG), since
they fit the initial definition of sets of species
sharing similar ecological and biogeochemi-
cal functionalities (Le Quere et al.[2005)), and
will hereafter be identified as cytometric PFG
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(cPFG).

Manual gating is often both time-
consuming and error-prone, as it relies
on 2D projections and interpretations of
simplified descriptors of the complex raw
optical profiles (such as pulse maximum
height, area under the curve, pulse width) by
individual AFCM experts. The spread of this
technology will generate datasets too large
to be manually processed, constraining the
collection of valuable high frequency cPFGs
datasets. In order to facilitate the work of
an increasing number of AFCM users and
decrease the uncertainties linked to manual
gating, the classification of cPFGs has to be
semi- or fully automated. The automation
can be achieved using supervised machine
learning methods that assign a label to an
observation based on its characteristics, a
task named classification.

In the case of phytoplankton, automatic
classification generally relies on image pro-
cessing and computer vision. Omne can for
example cite the count of coccoliths using
shallow Neural Networks (Beaufort and Doll-
fus| |2004) or more recent works based on
Residual Neural Networks and transfer learn-
ing (Yosinski et al.|2014) in order to classify
images from diverse laboratory cultures and
in situ monitoring (Dunker|[2019; (Gonzalez
et al. 2019). However, cameras resolution is
relatively low for the identification of pico-
nanophytoplankton size classes, which more-
overshow limited morphological diversity. As
such, »oing the FCCs offers an—alternative
since - deals also with these siiill parti-
cles. A second main advantage in working
on the automatic classification of optical pro-
files is the shorter training process due to the
absence of transfer learning (Pan and Yang
2009) required to fine-tune heavy Neural Net-
works like Residual Networks (He et al.|[2016))
for image recognition.

Automatic recognition of cPFGs from the
FCCs has received less attention than image-

based identification and can be gathered in
two main types of approaches. The first
family of approaches applies machine learn-
ing methods on features computed on the
FCCs (for example the ican, the area un-
der the curve, or the length of each FCC).
Boddy et al.| (1994) started to use neural
methods to classify cells into-species. |Wac-
quet et al. (2013) developed new stitistical
methods to-dealwith the features of the FCCs
and implemented them along “vith existing
statistical methods in the R package Rclus-
Tool. |[Thomas et al.| (2018) and Schmidt
et al| (2020) used Random Forests to re-
spectively discriminate between phytoplank-
ton cells of different populations and between
phytoplankton and non-phytoplankton parti-
cles. |Abdelaal et al.| (2019) used Linear Dis-
criminant Analysis (LDA) and present per-
formances outperforming Deep Learning ap-
proaches.

The second family of approaches relies on
the entire FCC signal to perform classifica-
tion. Thisis the caseof [Malkassian et al.
(2011) +hat-plunged the I € s into a Fourier
basis a .« calculated distances to discriminate
between populations. /4=l Barrio et al.[2019))
created curves templitcs to classify AFCM
non-marine cells using Wasserstein distance
and optimal transport. Finally, /“aillault

et al.2009) relied on the Elastic ) atching
coupled with standard classifiers. Webe-

lieve that this second family of approaches

In this article, we applied for the first ti
Convolutional Neu ! Networks (CNN) on
pulse shapes recorded by AFCM to automate
cPFGs classification as described in Figure 1]
CNN have known a fast development in im-
age recognition and computer vision during
the last ten years, starting with the seminal
work of |[Krizhevsky et al.| (2012). Once in-
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Figure 1: Explanatory scheme of the predictive pipeline. (1) Particles are sampled from
seawater by AFCM. (2) The five flow cytometric curves (FCCs = SWS, FWS, FLR, FLO,
Curvature) generated for each particle as they cross a laser beam are interpolated to a fixed
length and stacked together into matrices. (3) The CNN predicts the class of each particle
using Convolutional layers (red) and Dense layers (blue). (4) The number of particles per
group (phytoplankton or background noise) is computed and returned.

terpolated and stacked together as matrices,
the FCCs are analogous to images and can be
used to train a CNN, rather than computing
features on the FCCs. We show the general-
ization power of the method on two instru-
ments with datasets collected in the South-
West Indian and Southern oceans and in the
coastal and open Mediterranean sea.

As CNNs rely on robust datasets, individ-
ual experts were asked to manually assign a
cPFG to particles from samples collected in
the different datasets collected. We assessed
the heterogeneity between experts classifica-
tions and built consensual datasets to evalu-
ate automatic classification models. The per-
formances of four benchmark automatic clas-
sification models along with the CNN were
compared. Finally, the trained CNN was
used to generate predictions spanning three
months sampling in a coastal station of the
Mediterranean Sea and two months in the
South-West Indian Ocean, both at a two
hours sampling frequency. The robustness
and extremely fast process of the CNN ap-
plied open the way to real time cPFG analy-
sis.

Material and procedures

Data collection
Data Origin,

In situ AFCM datasets were collected at the
SeaWater Sensing Laboratory At MIO Mar-
anille (SSLAMM data), France, a coastal ma~
c2.e Mediterranean station, between Septem-
ber 2019 and December 2019, and onboard
the research vessel Marion Dufresne II, from
11 January to 8 March 2021, in the frame
of the MAP-IO project (University of la
Reunion) during the GEOSCAPE SWINGS
cruise (SWINGS data). Two distinct Cy-
toSense flow cytometer (Cytobuoy b.v.), here
after identified as SSLAMM-AFCM, and
MAP-IO-AFCM were deployed.

For both datasets, seawater was continuously
pumped in situ and the flow cytometers ran
automated acquisitions scheduled every two
hours. The SSLAMM coastal seawaters was
gently pumped with a VerderFlex40 peri-
staltic pump at 10 meters away from the coast
at a depth of 3 meters, and was delivered
unaltered into the laboratory where analy-
ses were conducted. Onboard the Marion
Dufresne II, the seawater was collected from
the underway clean seawater supply pumped
at 7 m depths, using a centrifugal pump.
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Automated pulse-shape recording flow
cytometry

Before entering the flow cell, the sample wa
surrounded by a 0.1 pum filtered seawater
sheath fluid and the generated laminar
flow aligned each particle prior to cross a
488 nm laser beam (Coherent, 120 mW).
Both instruments recorded the optical pulse
shapes emitted resulting in forward scatter
(FWS), sideward scatter (SWS), and two flu-
orescences. The SSLAMM-AFCM collected
wavebands of > 652 nm (red fluorescence,
FLR) and between 552 — 652 nm (orange
fluorescence, FLO). The MAP-IO-AFCM
collected wavebands between 668 — 726nm
(FLR) and 516 — 650nm (yellow fluorescence,
FLY). Particles were recorded in the size
range < 1 — 800 pm in width and up to a
few mm in length for chain forming cells.
These optical profiles take the form of a set
of curves hereafter called flow cytometric
curves (FCC),

Laser scattering at frontal angles (FWS)
was collected by two distinct photodiodes to
check for the sample core alignment. Differ-
ence between left and right photodiodes sig-
natures generates the Curvature curve. To
follow the stability of the flow cytometers,
2.0 pm fluorescing polystyrene beads (Poly-
science (R)) were regularly analyzed. Silica
beads (1.01 pum, 2.56 um, 3.13 um, 5.02 pm,
7.27 pm in diameter, Bangs Laboratory®))

were also used for—size retrieving estimates
from F'WS signals.

B ¢iuse of the current memory and

computation limitations, optimally sampling
the entire ¢ range of the phytoplankton
community in natural marine waters require
some compromises: to collect small cells
anch-as-Orgpicopro-and-Redpicopro-cells, the
2I'CM settings were set on high sensitivity
(red fluorescence trigger threshold set on
6 mV (FLR6) for SSLAMM-AFCM and on
5 mV (FLR5) for MAP-IO-AFCM). As a
result, the sample was filled by a majority
of small and/or dimly fluorescent particles
wnd electronical background noise, hereafter
simply called noise. Sincethe smallest phy-
toplankton cells are the mostabundantin

natural samplesthey were correctly counted

tra white space

In order to collect the largest but less con-
centrated cells, a second protocol was ap-
plied with a red fluorescence trigger threshold
(high trigger level) set up to 25 mV (FLR25)
for SSLAMM-AFCM, and to 20 mV (FLR20)
for MAP-IO-AFCM and a volume analyzed
reaching 5 ml. Deing so; the small par-
ticles and background nois¢ zenerating ac-
~nisition limitations were not recorded any-
woore.  Execept—that—they use two different
thresholds, the two protocols (FLR5/FLR6
and FLR20/FLR25) used the same AFCM
settings (same sample pump speed, similar
filter mesh sizes, same optical chamber, sim-
ilar sampling frequency).

Einally 4] | 1 £ Opani |
Redni 1 1 ]

Orgnano—RedpicoeukRednano—and micro
cellswas—computed from the correspond-
ing FLR20/ELR2S files. Raw datafiles were

manually gated by expecris using the Cyto-
Clus4(©) software (Cytobuoy b.v.).
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Manual gating methodology and
heterogeneity estimation

The raw data collected by the AFCM are
composed of series of five curves exhibiting
variable heights, areas and lengths. Experts
use a dedicated software, CytoClus4(C), to
summarize this signal by computing a single
value for each curve, typically the area under
the curve or the maximal value of the curve.
Doing so-—one-obtains a point of dimension
five for each obsc vation and the dataset can
be represented by a series of 2D projections.
For example, ene—can plot the Total FLR
(the area under the LR curve) against
the Total FLO/FLY (the area under the

FLO/FLY curve) to separate-Orgpicopro-and
0 ‘ L onl 8 ; cles.
Total FLR vs Total FWS are commonly
used to separate Redpicoeuk,Rednano—and
Micro-size classes, while Total FLR—vs Total
SWS (or Maximal height of SWS) hel
. . he Redni )

Phytoplankton abundance heterogeneity
between cPFGs generates imbalanced AFCM
dataset ;. The ratio between the most and

the less—represented class in our data initially
ranged between 10* and 10°. Thus, on the

2D scatter plots used by eytometrists to
identify the cPFGs, the less represented
particles can be difficult to separate when
their distribution overlaps other groups with
higher abundances. Furthermore, dealing
with large datasets require long periods of
assiduity when running manual classification
and visual control of groups boundaries,
creating frequent errors as these steps are
tedious.

This can generate significant biases in the es-
timated count of some classes. For instance,
in the SSLAMM dataset, few dozen of Micro
cells are typically observed in a sample,
while dozen of thousands of Orgpicopro
particles are present. Hence, misclassifying

10 particles of Micro could result in a 30%
error rate while misclassifying 10 particles of
Orgpicopro would be negligible.

This issue is a type of statistical data con-
tamination and may have significant effects
on the patterns learnt by machine learning
algorithms. Without any estimation of this
contamination, it is impossible to disentangle
the errors coming from the data from the
error coming from the training process.
Furthermore, estimating the variability of
functional groups counts is essential to
be sure that results coming from different
studies are comparable,

The heterogeneity was-estimated-on-classi-
ficationsperformed -bya panelof six AFCM
experts who were asked to classify SSLAMM
and SWINGS data coming from six and
twenty acquisitions respectively, acquired at
different seasons, geographical zones and
times of the day. The list of the cPFGs was
given, along with two acquisitions of 2.0 um
poly:tv-ene (Polyscience ®)) and 3.13 pm sil-
ica beads (Bangs Laboratory [®)).

The heterogeneity was measured by comput-
ing Adjusted Rand Indices (ARI), [Steinley
(2004) and coefficients of variation (CVs).
The ARIs gave an indication about the sim-
ilarity between two experts overall classifi-
cations. The closest the ARI is to 1, the
more similar the classifications between two
experts are. The ARI have been computed
for all pairs of experts and for all files.
Oxn-the other hand. the coefficient of varia-
tion of each cPFG 15 ;omputed as the stan-
dard error divided by the mean of the ex-
pert counts for that cPFG. The closest it is
to zero, the more the experts agreed on the
count of the given cPFG. To summarize, the
ARIs assessed the overall agreement between
experts’ classifications whereas the CVs gaxe
this piece of information at the cPFG level.

Consensual particles, ¢ fined as particles
for which 2/3 of the experts assigned the same
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label, were kept to train and evaluate the sta-

Beyond the i1 tial training samples, one of
the experts has manually gated three months
of data from the SSLAMM station (from
mid-September 2019 to mid-December 2019)
and the entire data set from the MAP-IO-
SWINGS cruise. The classification obtained
from the CNN was then compared with the
manual gating.

Data presentation and process-
ing

The datasets composition were fixed to six
phytoplankton functional groups determined
by their flow cytometry optical properties
as they represent the most common groups
observed in marine samples . They were
identified using the flow cytometry con-
sensual nomenclature (http://vocab.nerc.
ac.uk/collection/F02/current/)): Redpi-
copro, Orgpicopro, Redpicoeuk, Rednano,
Orgnano, Redmicro, Orgmicro. There were
however not enough Redmicro and Orgmicro
cells in situ to distinguish between these two
groups and they are treated together in the
sequel under the name ”Micro” cells.

In addition to these six phytoplankton
functional groups, the datasets contained
non-phytoplankton particles thereafter called
noise particles or events. Noise events were
heterogeneous and have been subdivided into
< 1 pm and > 1 pm groups using silica
beads as a size reference (figure 5 in sup-
plementary material). > 1 um noise mainly
contained large detrital particles or predators
such as ciliates or flagellates cells that have
ingested some phytoplankton cells. Con-
versely, < 1 pm noise often contained optical
noise from the sensors, non-fluorescing het-
erotrophic prokaryotes or decomposing cells.

Due to the acquisition limitations of the
two cytometers and because they present dim

fluorescence in surface waters, the Redpico-
pro are hard to distinguish from < 1 gm noise
events and a curve shape criterion was used
to distinguish between them. Indeed, Red-
picropro cells are likely to be spherical cells,
and their SWS signal are expected to look as
bell curves, whereas < 1 um noise events can
present a significant variety of shapes. There-
fore among the consensual Redpicopro cells,
only the bell-curved SWS cells were kept in
the training, validation and test sets of the
CNN.

In order to reach a substantialtotal dataset
size—andtoreduce the imbalance between
groups which disturbs the training process,
the over-represented groups were undersam-
pled in the training set; Even after under-
sampling, the relative number of Micro cells
in the SSLAMM data remained too low in
comparison to the other groups of the train-
ing set, Hence, three out of the six FLR25
files were artificially enriched with Micro par-
ticles from the FUMSECK campaign (DOI
10.17600/18001155) as if they were part of
the original dataset. These FUMSECK Mi-
cro cells were collected in the open Mediter-
ranean Sea using the same cytometer with
the same settings only four months before the
first SSLAMM data acquisition. These addi-
tional particles were given for classification
to the experts and only the cells identified as
Micro cells were kept. The potential batch
effect introduced is hence assumed to be neg-
ligible.

Before undersampling, the number of par-
ticles of the most represented group in the
training set was 45 times higher than the less
represented one. After undersampling, it was
only eight times higher at most for the two
datasets.

Conversely, the validation and test sets were
not rebalanced. The total size of the training,
validation, and test sets were of 33 791, 50 682
and 134 313 particles for the SSLAMM data,
and of 57 241, 365 863 and 224 426 particles
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for the SWINGS data. Table 3 in Supple-
mentary Information describes the number of
particles of each group in the training, vali-
dation, and test sets.

The length of each AFCM curve is closely
linked to the size of the particle (the bigger
the particle the longer the sequence). In or-
der to train the CNN, which needs a fixed
data format for all observations, the curves
have been all set to a fixed length of 120
values interpolated using quadratic interpola-
tion (see Figure 2 in Supplementary Informa-

tion for an illustration). AJlength of 120 has
] | . . | he thizd
o of ] : listribution.

| | ac intuitivelv loss inf on s d
stroved when small curves are interpolated-to
be biggerthanthereverse; As the curves were
not truncated and the profile shapes were pre-
served, the choice of this length is not ex-
pected to be of prime-importance regarding
the performance of the model.

Prediction pipeline presentation

The core of the predictive pipeline is a Convo-
lutional Neural Network initially designed for
image recognition. The general idea of such
a network is to learn a series of filters that
detect some patterns in images and help to
discriminate between the classes. More for-
mally, these filters are tables of coefficients
iteratively used to compute convolutional op-
erations on the data going through the lay-
ers. Compared to Dense layers, the Convo-
lutional ones rely on the assumption that re-
gions in the images convey useful information
and that close pixels often carry redundant
information. As a result, the total number
of parameters of the model is reduced and
the training of the model is kept tractable.
The Convolutional layers automatically ex-
tract features from the signal, which are then
used by Dense layers at the end of the net-
work to perform the classification itself.

As both images and AFCM data can be rep-
resented as tables of coefficients, the same
Convolutional Neural Networks can be used
to treat both data types with minor adjust-
ments.

forming gating; Hence, we expected that the
CNN could take advantage of this raw and

more complete signal. The CNN architecture
is presented in Supplementary Information
(see figure 4). The architecture was inspired
by the VGG architecture (Simonyan and Zis-
serman|2014)). Features are first extracted by
three blocks of convolutional layers separated
by ”local” average pooling layers in order
to reduce the redundant parts of the signal
and to automatically design features useful
for the classification. These convolutional
features are then pooled together using a
global average pooling layer so that they
can be treated by two dense layers. At the
end of the dense layers, a softmax activation
function is computing the probabilities that
an observation belongs to each class and the
loss of the model is computed.

The loss is measuring the gap existing
between the class probabilities outputted
by the model and the actual class of the
observation. This gap represents an error,
back-propagated to update the parameters

of the network accordingly. white space not needed

The negative-likelihood also called the cate-
gorical cross-entropy is the most widely used
loss for single-label multivariate classification
(each observation belongs to one class only)
and is the one used here. More refined
versions of the categorical cross-entropy such
as the weighted version of the categorical
cross-entropy, the Focal Loss (FL) (Lin
et al| 2017), or the Focal Class-Balanced
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loss (FCBL) (Cui et al.| [2019) have been
implemented but brought no additional
performances.

Beyond the choice of the loss weights,
the significant imbalanceness of the data
were also dealt with using undersampling
methods, Only a random subset (5000
particles) of the most represented class was
kept whereas most of the particles of the
less represented classes were sampled, This
enabled to reduce the gap between cPFGs in
order to have both enough instances per class
and a tractable total number of observations
in the dataset. Yet, as Figure [2] highlights
it, the density of points is not uniform in 2D
cytograms. Pure random particles sampling
tends to let some of the low density areas
of 2D cytograms nearly empty, preventing
machine learning models to learn which
class to predict for particles in these areas.
Hence, additional particles were sampled to
fill low density areas. The impact of these
zones on the confidence of the CNN cPFG
predictions can for instance be seen on figure
6 in Supplementary Information.

Beyond the choice of the loss specification,
another important choice is the one of the
optimizer which deals with how the network
parameters are updated with respect to the
loss. We have benchmarked two optimizers:
Adam and its extension Ranger. Ranger
comes from the combination of two recent
publications: RectifiedAdam (or Radam)
(Liu et al|[2019) and Lookahead (Zhang
et al.|[2019).

In order to avoid being stucked—in—bad
local maxima, it is a common practice to
slowly update the parameters of the models
at the beginning of the training, when
really promising parameters regions are not
identified at—the—mement. This adaptation
rate of the parameters with respect to the
loss is called the learning rate of the model
and is hence often chosen to be small in

the early stages of the training process
(Popel and Bojar| 2018). Radam adapts
the learning rate to avoid the learning rate
variance to grow too substantially, which is
often detrimental to the learning process,
according to the authors. On the other
hand, Lookahead enables the network to get
a better understanding of the loss topology.
In order to do so, two sets of weights are
used by Lookahead: a faster set of weights
that is frequently updated to “explore” the
loss surface and a slower set of weights (less
frequently updated) to ensure the stability
of the learning process. The faster set of
weights is updated using not all the data but
only a set of several observations batches
to get a raw idea of the promising regions
to explore. In the Ranger case, these fast
weights are updated thanks to the Radam
optimizer. It—appearedthat—the Ranger
. | Lo ¢] \d .
: Lerof : 1
i ] A

The loss, the behaviour of the optimizer
and more generally most parts of statistical
models are ruled by a set of hyper-parameters
chosen by the user. The number of possible
combinations is far too high for all the com-
binations to be tested and then to select the
best network specification.

One popular approach relies on Bayesian Hy-
peroptimisation algorithms (Bergstra et al.
2013)), implemented in our case in the Python
library Hyperas (Hyperopt for Keras). The
idea of Hyperoptimisation methods is to con-
sider hyperparameters as statistical random
variables with a prior and to identify pos-
terior regions that present a low loss value.
Hence, some draws are taken from the prior
distributions, the model is evaluated and low
loss regions are identified and focused on.
It avoids spending very significant computa-
tional efforts on non-promising regions of the
hyper-parameters space as it is often the case
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using standard line search. The hyperparam-
eters spaces used are given in section 1 in Sup-
plementary Information.

Comparison with other classifi-
cation algorithms

The CNN has been benchmarked against
other supervised models in order to illustrate
its performance. The benchmark models were
lier; the k-Nearest Neighbors (kNN) and the
Linear Discriminant Analysis (LDA). Tree-
based methods such as Random Forest were
represented by LGBM which is more recent
and takes advantage of gradient-boosting
methods.

The data from the inter-gating experiment
were used for models evaluation. Once in-
terpolated to a fixed length, the CNN was
trained over the five FCCs per particle, while
the benchmark models (which eannet—deal
with—the raw curves) were trained on the
hand-designed features computed em these
FCCs. Thelist of the featuresusedis givenin
section2-of Supplementary Information, The
data used to train the models have been ran-
domly separated into a training, a validation
and a test set. The models learn how to dis-
tinguish between cPFGs on the training set.
Once trained, the cPFGs of the validation set
are predicted and the hyperparameter opti-
misation procedure selects the best perform-
ing specification of each model on that set.
Finally, the best specification of all models
are compared on the test set. The bench-
mark models were trained on features com-
puted over the raw FCCs. The choice of the
features created from the signal highly influ-
ence the performances of the models and has
to be considered when presenting the results.
We rely on the ten features per curve created
by default by the CytoClus4(C) software. The
feature list is given in Supplementary Infor-

mation (see section 2).

The performances of the CNN and of the
benchmark models were evaluated using the
standard per-class precision and recall met-
rics. The precision is the proportion of parti-
cles actually belonging to class k& among all
those identified as belonging to class k by
the algorithm. The recall is the proportion
of particles effectively belonging to class k
among all the particles of class k existing in
the dataset. The closer are both precision and
recall to 100%, the closer the classification of
a model is to the “true” labels.

The Python code used to produce the re-
sults of this work is available as a Github
repository named phyto_curves_reco.

Results

Manual gating uncertainty esti-
mation

The main groups observed by AFCM are
represented on Figure 2| It presents descrip-
tive 2D cytograms associated with two files
for each data source. The 2D cytograms are
the main tools used for manual gating and
evidence here the disparities existing between
experts. The non-consensual particles - on
which less than 2/3 of the experts agreed -
were located mainly at the frontiers between
groups. The less consensual demarcation
lines were between Rednano and Redpicoeuk
and between Redpicopro and the background
noise events.

The uncertainties of manual classification
for individual cPFGs are reported in Supple-
mentary Information (Figure 1 and 2). The
patterns observed in terms of ARIs and CVs
were similar between SSLAMM and SWINGS
data. For both data sources, 75% of the
pairwise ARIs were higher than 0.78, which
underlined that the experts shared a com-
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Figure 2: 2D cytograms showing the particles contained in two files from the SSLAMM data
(a and b) and two files from the SWINGS data (c and d). Cytograms (a) and (c) present the
Total Red Fluorescence (a.u., Total FLR) as a function of the Total Forward Scatter (a.u.,
Total FWS) and cytograms (b) and (d) show the Total Orange/Yellow Fluorescence (a.u.,
Total FLO, Total FLY) as a function of the Total Red Fluorescence (a.u., Total FLR). Total
refers to the area under the curve of the optical variable. Each dot represents a particle. A
particle is considered as consensual if 2/3 of the experts have voted for the same ¢cPFG for
this particle. Non-consensual particles are represented in black.
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mon way to perform the overall classifica-
tion, However, these high ARI were driven by
several over-represented cPFGs which were
also well identified. This was the case of
Orgpicopro cells that obtained CVs between
0.01 and 0.14 for the SSLAMM data and be-
tween 0.04 and 0.50 for the SWINGS data
and the case of Redpicoeuk (SSLAMM CV €
[0.05,0.50] and SWINGS CV € [0.10,0.45]).
Conversely, Micro cells (SSLAMM CV €
[0.26,1.60] and SWINGS CV € [0.20,1.30]),
Orgnano (SSLAMM CV € [0.48,0.90] and
SWINGS CV € [0.30,1.70]), Rednano (SS-
LAMM CV € [0.48,0.90] on and SWINGS
CV € 10.30,1.70] ), and Redpicopro (SS-
LAM CV € [0.16,2.50] and SWINGS CV €
[0.5,1.20] ) were far less identified.

Model benchmark on SSLAMM
data

Tables [I] and [2] report the precision and the
recall obtained by the four models for each
data class.

Based on the specific precision and recall
values, the CNN and the LGBM obtained
the best performances on the quasi-totality
of cPFGs. The performance spread between
the two methods was often inferior to 1%.
The kNN presented the worst performances
for both datasets. The LDA results are more
mixed as it well distinguished noise events
from phytoplankton particles classified but
got for-instance the worst precision on three
cPFGs on the SWINGS data.

The cPFGs that were the best identified
manually were also the ones that were the
best classified by machine learning models.
This is the case of Orgpicopro, Redpicoeuk
particles.  Similarly, the Redpicropro and
Orgnano cells were weakly identified man-
ually and were less well gated by machine

learning models. On-the-econtrary; Micro and

Rednano cells which experienced poor man-
ual identifiability presented good precisions
and recalls for near all methods.

The generalization pewey of the models
was also tested by training them on one
data source (SSLAMM or SWINGS) and
by making predictions on the other data
source. Results are given in Tables 4 and 5
in Supplementary Information.

When the models were trained on the
SWINGS data, the CNN obtained the best
performances, with precisions higher than
90% for five out of the eight classes and kNN
the worst performances. Concerning the
cPFGs, noise events and Orgpicopro were
the best classified and Redpicopro and Micro
cells were the less well gated.

When trained on the SSLAMM data and
predict on SWINGS data, the LGBM ob-
tains the best performances and LDA the
worst.  Redpicopro cells and noise events
> 1pum were the worst identified by the
models. Rednano cells obtained precisions
lower than 34% but recalls higher than 87%.
The opposite pattern was observed for the
Redpicoeuk class, denoting that a significant
number of manually identified Redpicoeuk
cells were predicted as Rednano cells by the
models.

The running time of the models is given in
Supplementary Information.

Prediction of the SSLAMM

Time Series

Figure [3| presents the automatically-andman-

ually classified time series for all cPFGs
counted particles from the SSLAMM files and

the SWINGS files. As accurate cPFG pre-
dictions imply accurate predictions of the to-
tal noise events, the background noise events-
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The histograms of Cvs for indiviual cPFG are presetned in Fig S2: in general, Orgpicopro and Redpicoeuk presented the lowest CVs, with xx+- xx % and xx =- xx% on average. Nanoplanktonic groups (Orgnano and Rednano) presented a higher CVs (respectively), but did not reach the highest CV observed for the group of smallest cells (Redpicopro). Since this group is both very abundant and close to the optical noise of the instrument, the CV were generally high (xx +- xx), especially for the SSLAMM. 
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Precision

Model

kNN

Micro
Orgnano
Orgpicopro
Rednano
Redpicoeuk
Redpicopro
Noise < 1um
Noise > 1um

Table 1: Precision {pree} and recall {ree)-of the benchmarked models on SSLAMM data

kNN: k-nearest

lgbm kNN

(prec)

ey

99.84

97.33

96.65
96.11
78.38

99.67

97.23 |96.22

Model

Micro 67.66
Orgnano
Orgpicopro
Rednano
Redpicoeuk
Redpicopro
Noise < 1um
Noise > 1um

Table 2: Precision (prec) and recall (rec) of the benchmarked models on SWINGS data

3168

13


Mathilde Dugenne (dugennem@hawaii.edu)
Text Box
Precision                         Recall

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Text Box
kNN: k-nearest ........

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Inserted Text
CNN

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Cross-Out

Mathilde Dugenne (dugennem@hawaii.edu)
Inserted Text
CNN


838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

877

878

879

related curves are not reported for concision
purposes. The R? for the noise particles was
of 1.0 for both data sources (data not shown).
The CNN and the manual expert hence dis-
criminated similarly between phytoplankton
and non-phytoplankton cells (the counts only
differed by 2.5%).

The R? and the slope coefficients on Fig-
ure [3| are close to 1.0 for the quasi-totality of
the cFPGs of both data sources. The counts
resulting from the manual and CNN gatings
are in adequation. The two main exceptions
are the Micro and Rednano cells from the SS-
LAMM data. In the SSLAMM data, Micro
cells were rare (less than 300 cells per file)
which made the identification of this popula-
tion difficult. Concerning the Rednano cells,
the R? of 0.61 is partly explained by a differ
ent Redpicoeuk / Rednano frontier between
the CNN and the expert. This is confirmed
by the 0.84 slope coefficients of the SSLAMM
Redpicoeuk cells: the largest manually gated
Redpicoeuk cells were regarded as Rednano
cells by the CNN.

The CNN average prediction time for each
file of the series was of 90 seconds (7 sec-
onds for the prediction itself and more than a
minute for the pre-processing steps). We ran
the pipeline on two machines in parallel and
the total prediction time was of 15 CPU us-
age hours for the 1639 files of the SSLAMM
time series and 10 hours for the 1184 files of
the SWINGS time series.

Discussion

The use of automated systems is often
mandatory to get resolutive datasets, com-
mon in the field of physical oceanography, but
still limited in marine microbial ecology. Mi-
crobioclogical-entities in marine environments
are influenced by physics, chemistry, and bio-
logical interactions that shape their distribu-
tion. Yet, they also have internal clocks and

specific physiological-morphological charac-
teristics that affect their fitness and require
studies integrating biodiversity and dynamic
processes (Dutkiewicz et al.[|2020). The mea-
surements of cell abundances and morpho-
logical traits extracted from in situ samples
collected with AFCM have already provided
numerous insights into the complex distribu-
tion of phytoplankton and its interaction with
environmental factors (Ribalet et al. 2015;
Hyun et al.2020)), such as physical conditions
(Partensky et al.(1999; Vaulot et al.| 2008;
Marrec et al.|2018; Louchart et al.|2020) and
trophic network interactions (Christaki et al.
2011]).

Automatic classification of AFCM data is
built upon referenced cPFGs used for train-
ing purpose. Manual gating is prone to sub-
jectivity and assessments of the heterogene-
ity between experts classifications are rarely
performed in flow cytometric studies. (Garcia
et al.| (2014) evidenced up to 20% variability
between two experts on two groups of bacteri-
oplankton. In the present study, a consensus
between six experts from different laborato-
ries was evaluated on six ¢cPFGs and noise
events. The most abundant ¢cPFGs, Orgpi-
copro and Redpicoeuk, were identified by all
experts with small error margins. This can
be attributed to the high number of cells,
combined to the very characteristic orange
fluorescence of Orgpicopro particles. On the
contrary, there was a lack of consensus con-
cerning the boundaries between Redpicoeuk
and Rednano, with counts variations of more
than 100% between experts. The origin of
this discrepancy came from the non consen-
sual criteria used to differentiate these groups
using 2D projections. Some experts used the
3.13 pm silica beads provided to them for
the experiment, while other experts used a
threshold between the 2 and 3.13 um beads.
The choice of a criterion to distinguish Red-
picoeuk from Rednano is an issue already re-
ported in Buitenhuis et al. (2012)). In ad-
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Figure 3: Automatic classification count (number of particles) as a function of the manual
gating count (number of particles) for each ¢cPFG: the Orgnano (a), the Micro (b), the
Rednano (c), the Redpicpeuk (d), the Redpicopro (e), the Orgpicopro (f). For each cPFG a
linear regression has been fitted and the resulting line coefficients and the R? coefficient are

given.
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dition, the Redpicopro / noise < lum fron-
tier differed significantly between experts. Fi-
nally, the differences in ¢cPFG relative abun-
dances made the manual classification of rare
cPFGs hard and entailed divergences in Mi-
cro, Rednano and Orgnano counts.
As such, the intercomparison highlighted the
necessity of consensual rules and criteria to
distinguish groups and the need for peer-
reviewed data in order to obtain reliable
cPFG observations for automation purposes.
Such multi-reviewed datasets are increas-
ing in popularity in the machine learning
community, the best example being the
ImageNet repository (Fei-Fei |2010).

Despite the heterogeneity in manual gat-
ing, a robust and reliable dataset has been
built by keeping the particles that were con-
sensual between experts. Using the con-
sensual observations, three statistical mod-
els were trained and their performances com-
pared with the ones of the Convolutional
Neural Network presented here.

On the SSLAMM and SWINGS test sets,
the CNN model proposed in this study
achieved precision and recall values competi-
tive with the ones of the LGBM and higher
than the ones of the kNN and of the LDA. It
exhibited performances higher than 90% in
a vast majority of cases. When compared to
a manual expert gating the CNN has given
proofs that it was a reliable method to track
the cPFG abundance in near-real time in two
very different contexts. Furthermore, it ex-
hibited significant generalization properties
when trained on the SWINGS dataset and
used for prediction on the SSLAMM dataset.
When trained on the SSLAMM data to
predict SWINGS data, the generalization
power of the CNN was still solid but lower.
This may be due to the lower diversity
of SSLAMM data that were sampled in a
unique geographical point compared to the
SWINGS data collected in very contrasted

areas of the South-West Indian and Southern
oceans. This could also be due to the lower
size of the SSLAMM dataset to which neural
methods are particularly sensitive.

As—a—conelusion, this preliminary and
highly promising work applies a CNN on in-
terpolated raw pulse shapes acquired on an
hourly basis by pulse-shape recording flow
cytometry. It opens the way to the integra-
tion of cPFGs into forecasting biogeochemi-
cal models, depending on near real time data
inputs. High frequency sampling of phyto-
plankton and determination of the commu-
nities structure and abundances in near real
time will permit a better integration of pulsed
events and responses capacities of some func-
tional groups in these models. It will also en-
able to adjust near real time spatial sampling
strategies where influences of physical struc-
tures such as fronts and eddies directly af-
fect the distribution of phytoplankton groups
(d’Ovidio et al.[2019).
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