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Abstract. Over the past 30 years, the Gulf of Lions in the northwestern Mediterranean Sea has undergone various environmen-

tal changes that have impacted marine ecosystems. At the beginning of the 21st century, shifts were observed in small pelagic

fish and zooplankton communities. However, little is known about the impact of these changes on phytoplankton communi-

ties, especially pico- and nanophytoplankton (hereafter referred as PicoNano), which play a crucial role in the northwestern

Mediterranean Sea. One major limitation is the lack of data on these size fractions during the observed shifts. In this study,5

we show that vertical profiles of temperature and salinity can serve to infer PicoNano assemblages from the thermohaline

properties measured in a coastal area, the Bay of Marseille (BoM). We use functional data analysis and clustering methods

to identify recurring vertical thermohaline structures over 20 years of temperature and salinity data (1994–2024), measured

at low and high frequencies. To address the issue of truncated vertical profiles, we employ a reconstruction method based

on functional principal component analysis. Using flow cytometry data collected over the past 11 years (2014–2024), we10

characterize PicoNano assemblages and the nutrient concentrations associated with each recurring thermohaline structure. We

identify three thermohaline structures associated with the most oligotrophic conditions observed in the BoM, all involving a

thermally stratified water column. The occurrence of these stratified conditions does not show any significant trend over the

past 20 years. However, vertical structures indicative of Rhône River intrusions have been less frequently observed since 2004,

while mixed water columns are more frequently highly homogeneous over the same period. We show that highly homogeneous15

water columns favour different PicoNano assemblages compared to mixed but less homogeneous water columns. Overall, these

results suggest that conditions favouring larger nanoeukaryotes have become less frequent since 2004. This work highlights

that easily measurable variables, such as vertical profiles of temperature and salinity, can provide valuable insights into more

complex variables—such as nutrient concentrations and PicoNano assemblages—when direct observations are unavailable, a

situation commonly encountered in long-term and high-frequency monitoring.20
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1 Introduction

The Gulf of Lions (GoL) is one of the most productive areas of the Mediterranean Sea due to the Rhône River inputs, wind-

driven coastal upwelling activity, bottom morphology and water circulation (Lefevre et al., 1997; Agostini and Bakun, 2002;

Petrenko et al., 2005; Hu et al., 2009). It serves as a vital feeding ground for numerous marine species (Bǎnaru et al., 2013).25

In this ecosystem, small pelagic fish such as sardine Sardina pilchardus Walbaum, 1792 and anchovy Engraulis encrasicolus

Linnaeus, 1758 play a key role as forage species (Bǎnaru et al., 2013). In addition to their fundamental role in marine food

webs, these species have significant commercial value. Due to their plankton-based diet, small pelagic fish are highly sensitive

to environmental variations and subsequent changes in plankton communities (Benson et al., 2002). Their sensitivity to envi-

ronmental variations and the long-term data they provide, owing to their economic importance, make them effective sentries30

for environmental changes (Alheit et al., 2009). Since 2008, there has been a significant decrease in the landings of sardine and

anchovy in the GoL. A decrease in fish size and weight has led to the cessation or reorientation of fishing activities (Saraux

et al., 2019). Studies suggest that predation and overfishing are not the cause, but rather a bottom-up effect resulting from a

reduction in the size of their planktonic prey (Brosset et al., 2016; Queiros et al., 2019; Saraux et al., 2019). Indeed, changes in

small pelagic fish populations have occurred alongside diverse environmental changes observed in the GoL over the past few35

decades, which may have impacted the plankton communities (Feuilloley et al., 2020). In the context of climate change, it is

crucial to understand how environmental fluctuations impact plankton communities. This knowledge is essential for mitigating

the effects of anthropogenic activities and guiding sustainable fisheries’ management, since shifts in plankton communities can

have notable consequences on the ecosystem and the services it provides.

Monitoring plankton communities requires long-term time series that rely on ship-based measurements, usually managed by40

a marine laboratory in proximity to the monitored station (Edwards et al., 2010; O’Brien et al., 2017). These time series data are

scarce (Edwards et al., 2010; Karl and Church, 2014; von Jackowski, 2024). Fortunately, the Bay of Marseille (BoM) which is

a reproduction and fishing area for S. pilchardus in the GoL (Pichot et al., 1978; Lee, 1961), is subject to long-term monitoring

by multiple French National Observation Services (SNO). In accordance with the dynamics of the small pelagic fish, the

monitoring of zooplankton since 2005 has revealed a shift in the size structure of the mesozooplankton communities in 200845

(Garcia et al., 2023). Since 2009, the SNO SOMLIT (Service d’Observation en Milieu Littoral - Coastal Observation Service

https://www.somlit.fr/) has used flow cytometry to monitor pico- and nanoplankton size-based functional groups. However,

this dataset provides a reliable time series from 2012 onwards. Hence, the pico and nano size fractions of plankton have been

a missing link in our comprehension of the changes observed during the first decade of the century, given that the consistent

time series does not extend back to this period. Yet, this is a non-negligible link, as pico- and nanoplankton are believed to be50

the major contributors to zooplankton biomass in the northwestern Mediterranean Sea (Hunt et al., 2017).

Alongside the changes observed at the scale of the GoL over the past 30 years, the nutrient concentrations monitored by

the SNO SOMLIT since 2004, show a tendency towards oligotrophication in the BoM (Lheureux et al., 2023). However, this

nutrient depletion may have different causes. Indeed, the nutrient concentration in the surface waters of the BoM is impacted

by various hydrological processes. Firstly, the Mediterranean Sea is characterized by the onset of a seasonal thermocline from55
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spring to autumn (Millot, 1990). The difference in temperature between the surface and bottom divides the water column into

two layers, thereby reducing vertical mixing (Millot, 1990). This results in a lower supply of all nutrients to the surface, as it

cannot be fuelled by the nutrients regenerated below (Sommer et al., 2002). In contrast, the GoL is subject to wind-induced

upwellings all year round. During the stratified period, these upwellings replace warm and nutrient-depleted surface waters

with cooler and nutrient-rich deeper waters (Millot, 1979; Bakun and Agostini, 2001). If enhanced stratification caused by an60

increase in sea surface temperature is expected globally in temperate areas (Sarmiento et al., 1998), this may be counterbalanced

in the GoL by the increased upwelling intensity observed over the last decades (Feuilloley et al., 2020). Another important

source of nutrients in the surface waters of the GoL is the Rhône River (Millot, 1990; Moutin et al., 1998). If its dilution

zone is located west of the BoM, the Rhône River plume may intrude the bay under certain conditions of wind and river flow

(Fraysse et al., 2014). These intrusion events in the BoM are well documented and have been the subject of several modelling65

studies (Gatti et al., 2006; Pairaud et al., 2011; Fraysse et al., 2013, 2014). However, the intrusions in the southern part of the

bay, where the long-term monitoring station is located, are not well reproduced. Consequently, it remains unclear to which

extent the impoverishment of the Rhône River, observed since the early 2000s, has contributed to the negative trend in nutrient

concentration evidenced at the monitoring site in the BoM (Feuilloley et al., 2020; Lheureux et al., 2023). Furthermore, during a

nutrient-enhanced period in the BoM, intrusions of the Northern Current may considerably decrease the nutrient concentration70

in the entire water column by introducing warm oligotrophic water (Ross et al., 2016). The intrusions of the Northern Current

in the BoM are known to be influenced by wind and stratification (Petrenko, 2003; Petrenko et al., 2005; Barrier et al., 2016),

and may consequently have been impacted by the changes in the wind regimes observed over the past 30 years (Feuilloley

et al., 2020).

Considering the oligotrophic nature of the Mediterranean Sea, the influence of these hydrodynamic conditions on surface75

nutrient concentration also shapes phytoplankton assemblages (Para et al., 2010; Siokou-Frangou et al., 2010; Mena et al.,

2019; Fuchs et al., 2023). Due to the complex hydrodynamics of the coastal area, it is unclear which changes impacted the

availability of nutrients and how this affected the phytoplankton assemblages, leading to the observed changes in the zooplank-

ton communities in the BoM. The longest time series recorded by the SNO SOMLIT in the BoM concerns temperature and

salinity, both at the surface (1 m depth) and as vertical profiles (down to 50 m deep). These time series began in 1994, are80

reliable, and cover the period during which the environmental and biological changes observed in the GoL were observed.

Most hydrodynamic conditions described above also impact the thermohaline vertical structure of the water column. In this

context, our study aims to identify these hydrodynamic conditions in terms of vertical temperature and salinity profiles (TS

profiles).

Specifically, we aim at using the SNO SOMLIT and COAST-HF time-series to evaluate the effectiveness of TS profiles85

in identifying hydrodynamic conditions that affect the availability of nutrients and pico- and nanophytoplankton (PicoNano)

assemblages at the surface, in the BoM. We employ functional data analysis and clustering methods to address the issue of

missing data in time series and identify recurring vertical thermohaline structures within the water column. Once these recurring

vertical structures have been identified, we match them to the hydrodynamic conditions responsible for these profiles. We then

compare the concentrations of surface nutrients and the PicoNano assemblages between the identified vertical structures. We90
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also address the reliability of the identification of such vertical structures using automated measurements. This study improves

our understanding of local environmental variations at a coastal northwestern Mediterranean site and enables us to empirically

infer surface nutrient concentrations and phytoplankton assemblages when these data are unavailable. This work points out

the insightfulness of exploiting easily measurable and fairly reliable variables, such as temperature and salinity, throughout the

entire water column for long-term monitoring in coastal areas.95

2 Material & Methods

2.1 Study site and period

The long-term monitoring station in the BoM is the Frioul site (43°14.50’N, 5°17.23’E), which is located 5 km from the

continental coast and is 60 m deep. Since 1994, it has been surveyed twice a month by the SNO SOMLIT, and since 2011, at

high frequency by the SNO COAST-HF (Coastal OceAn observing SysTem – High Frequency, https://coast-hf.fr/). The study100

period ran from 1994 to 2024. The time series used in this study are listed in Table 1. If possible, the time series were used in

their entirety. If not, the length of the time series was determined based on known changes in protocols and standardization and

obvious anomalies identified visually. The SNO SOMLIT created a new standardized protocol for nutrients in November 2011.

Therefore, nutrient data were used from 2012 onwards. PicoNano flow cytometry data have been standardized since 2012. Due

to a change of flow cytometer, a change point was evident in all the sideward light scatter (SSC) time series in 2014, but not105

in the time series of abundance. Therefore, only the abundance and SSC data from 2014 onwards were used. Due to the low

frequency of the SNO SOMLIT monitoring, 691 couples of TS profiles were collected from 1994 to 2024. However, owing to

the high frequency of the COAST-HF monitoring, 928 couples of TS profiles were collected from 2014 to 2024. Therefore, to

constitute a substantial dataset, when working on vertical profiles, we combined the low- and high-frequency data.

2.2 Environmental Data110

2.2.1 High-frequency hydrological data

The SOLEMIO buoy of the SNO COAST-HF was deployed in September 2011, close to the Frioul archipelago (43°14.7428’

N, 5°17.1950’ E), less than 500 m away from the long-term monitoring station surveyed by the SNO SOMLIT in the southern

Bay of Marseille. This system enables high-frequency surface data acquisition (hourly) and vertical profiling (once a day)

throughout the water column in a marine environment subject to harsh meteorological and hydrodynamic conditions, including115

the dominant Mistral wind, waves up to 4 m, and strong currents. These conditions being more frequent and intense in winter,

the buoy is generally deployed from April to November.

A multiparameter probe from NKE Instrumentation, a SMATCH (from June 9th 2011 to September 23rd 2021) and then a

WIMO continuously measured temperature (°C), salinity (PSU), turbidity (NTU), and chlorophyll a (chl a, µg.L−1) at hourly

intervals. Data are transmitted daily to the Mediterranean Institute of Oceanography (MIO) server and integrated in real time120

into the national Coriolis Côtier database (https://data.coriolis-cotier.org/platform/EXIN0004). A PROVOR-type profiler (NKE
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Table 1. List of time series used in the study. HF: high frequency; LF: low frequency; PicoNano: pico- and nanophytoplankton flow cytometry

data.

Time series Variables Depth Observation

System

Site Time

Span

Sampling

Frequency

Time of Year

HF surface temperature (°C),

salinity (PSU)

1 m COAST-HF SOLEMIO 2014–2023 1 hour April–November

HF vertical profiles temperature (°C),

salinity (PSU)

5–50m COAST-HF SOLEMIO 2014–2023 1 day April–November

LF vertical profiles temperature (°C),

salinity (PSU)

1–50m SOMLIT Frioul 1994–2024 15 days all year round

Surface nutrient

concentration and

chlorophyll a

NH+
4 (µM), NO−

3

(µM), NO−
2 (µM),

PO3−
4 (µM), Si(OH)4

(µM), chl a (µg.L−1)

1 m SOMLIT Frioul 2012–2024 15 days all year round

Surface PicoNano abundance, SSC 1 m SOMLIT Frioul 2014–2024 15 days all year round

Wind speed (m.s−1),

direction (degrees)

Météo

France

Marignane 1997–2024 3 hours all year round

Instrumentation), adapted for fixed-point deployment on a mooring line, performs daily vertical profiles along an inductive

cable connecting a surface buoy to a 50 m deep anchor weight. The system has been operational since 2014. Measured variables

include those recorded by the surface probe, with the addition of phycoerythrin. Only temperature and salinity measurements

were used in this study (Garcia et al., 2025). The vertical profiles data were available from 2014 to 2023. More details on the125

buoy can be found in Garcia et al. (2016).

2.2.2 Low-frequency hydrological data

Low-frequency hydrological data were retrieved for the Frioul coastal site surveyed by the SNO SOMLIT from the SOMLIT

database (SNO SOMLIT, 2025). Sampling was conducted every two weeks. Additional information on the measured variables,

sampling protocols and analytical protocols is available on the SNO SOMLIT website (SNO SOMLIT, 2025) and in Cocquem-130

pot et al. (2019). The following environmental variables measured at the surface (1 m) were retrieved : water temperature (°C)

and salinity (PSU), ammonium (NH+
4 ; µM), nitrate (NO−

3 ; µM), nitrite (NO−
2 ; µM), phosphate (PO3−

4 ; µM), orthosilicic acid

(Si(OH)4; µM), and chl a (µg.L−1). As well as the temperature and salinity vertical profile obtained with the Conductivity-

Temperature-Depth (CTD) Sea-Bird SBE19 probe from 1 m to 50 m deep. Since 2006, standardized protocols have been used

and data-quality control has been routinely performed (Breton et al., 2023). The detailed analysis protocols are available on135

the SNO SOMLIT website (SNO SOMLIT, 2025).
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2.2.3 Wind data

Wind data were retrieved from the Météo France SYNOP time series (Météo France, 2026). The closest station is Marignane,

located 22 km further northwest from the Frioul site. Although some meteorological surveys have been conducted closer to

the Frioul site, none lasted continuously for the last 25 years. The SYNOP time series have been continuously recording140

meteorological variables including wind speed and direction from 1997, every 3 hours. Wind speed was given as the mean

speed recorded over 10 minutes in m.s−1. Wind direction was given as the mean direction over 10 minutes in degrees, rounded

to 10.

2.3 Biological Data

Along environmental variables, picoplankton (0.2 < size < 2-3 µm) and nanoplankton (2-3 < size < 20 µm) communities145

were characterized by flow cytometry for SOMLIT surface water samples. Five groups of pico- and nanophytoplankton were

distinguished based on their optical properties: RedPicoProk, OraPicoProk, OraNano, RedPico and RedNano. RedPicoProk

accounts for the cyanobacteria Prochlorococcus Chisholm et al., 1992, which are smaller than 0.7 µm (Morel et al., 1993).

OraPicoProk denotes Synechococcus Nägeli, 1849 which ranges from 0.8 µm to 1.1 µm in size (Morel et al., 1993). Red-

Pico includes eukaryotic picophytoplankton smaller than 3 µm in size. OraNano comprises phytoplankton ranging from 3150

µm to 20 µm and containing phycoerythrin, such as Cryptophyceae Fritsch, 1927. RedNano regroup eukaryotic nanophyto-

plankton ranging from 2-3 µm to 20 µm that lack phycoerythrin. A more detailed description of the groups has been pro-

vided by Thyssen et al. (2022) or can be found on the Natural Environment Research Council (NERC) Vocabulary Server

(https://vocab.nerc.ac.uk/collection/F02/current/). These groups may include various taxa but constitute functional groups

based on cell size (Quéré et al., 2005; Fuchs et al., 2022). Phytoplankton cell size influences many ecological processes,155

such as sinking rate, nutrient uptake, light harvesting, and grazing pressure (Kiørboe, 1993). As a result, it is considered one of

the most relevant functional traits (Litchman and Klausmeier, 2008).

For each group, the abundance, and the mean SSC of the cells were determined. The SSC is affected by the internal structure

of cells and can be used as a proxy for the size of cells above 1 µm (Dubelaar et al., 2007). It is also a good indicator of the

size of picophytoplanktonic cells, as it is usually positively correlated with cell diameter (Calvo-Díaz and Morán, 2006).160

2.4 Statistical Analysis

All data analyses were performed using the R free software environment (version 4.4.0) for statistical computing and graphics

(R Core Team, 2024). The significance level for all statistical analyses was set at α= 0.05.

2.4.1 Outliers identification

The consistency of the time series and outliers were identified using exploratory visualizations, including distribution-based165

plots (box plots and density plots) and temporal representations (time series plots). All time series and vertical profiles were

checked visually using an R shiny app developed for this purpose.

6

https://doi.org/10.5194/egusphere-2026-3454
Preprint. Discussion started: 1 July 2026
c© Author(s) 2026. CC BY 4.0 License.



2.4.2 Smoothing of the vertical profiles

Functional data analysis (FDA) was applied to the TS profiles. This branch of statistics is specifically designed for the analysis

of data that can be represented as continuous curves, such as vertical profiles. By representing observations as functions,170

FDA overcomes challenges associated with irregular sampling grids and enables dimensionality reduction. The first step in

functional data analysis is the conversion of discrete data into functions. To do so, penalized B-splined smoothing was used

on every vertical profiles to obtain a continuous function from 1 m to 50 m deep using the fda package. A vertical profile

is expressed by a linear combination of the basis functions, in this case, B-splines. This method is extensively described by

Ramsay and Silverman (2005). The number of basis functions was set to 100 after exploring values ranging from 30 to 250.175

This number was sufficiently large to ensure that smoothing was primarily controlled by the smoothing parameter. The latter

was arbitrarily fixed at 10−3 to preserve the resolution of the measuring instruments (0.001 °C for temperature and 0.001 PSU

for salinity). This parameter can be determined using various methods, such as cross-validation, but the efficiency of these

methods is disputable (Ramsay and Silverman, 2005).

2.4.3 Vertical profile reconstruction180

Combining the SOMLIT and COAST-HF datasets would increase substantially the number of observations available. However,

HF vertical profiles collected automatically were truncated compared to the real water column height owing to the installation

constraints and dimensions of the buoy. Figure 1 shows that most data from the surface down to 10 m deep and from 45 m

to 50 m deep were missing. This may result in the loss of crucial information contained within the upper part of the vertical

profile, such as thermocline formation and the freshwater discharge. Truncated vertical profiles were completed by the surface185

observations measured by the probes of the automated buoy (SMATCH or WIMO) in the same 1-hour interval when available.

To combine the SOMLIT and COAST-HF datasets, the first step was to assess the potential bias between the two TS profiles

datasets. First, all profiles collected on the same day by both the SNOs were selected. The profiles were smoothed using B-

spline smoothing over the 10–40 m depth range, and the smoothed values were evaluated every 0.5 m. The residuals between

the two datasets were then calculated at each depth. Finally, linear regression was applied to the residuals to assess their190

linearity.

The second step involved reconstructing the truncated profiles to create a dataset of complete vertical profiles ranging from 1

to 50 m deep. Penalized B-spline smoothing is highly effective for predicting curves with an irregular sampling grid, but tends

to be inaccurate when the data are truncated at either end. To ensure better accuracy, a method based on principal component

analysis through conditional expectation (PACE), as described by Yao et al. (2005), was used to predict the vertical profiles195

with missing ends. PACE uses the entire dataset to identify the mean trend, covariance matrix, and principal modes of variations

(eigenfunctions) with Functional Principal Component Analysis (FPCA). These are then combined with the individual features

to predict the individual curve. Our method differed from that used by Yao et al. (2005) because we did not use the entire

dataset to characterize our sampled profiles. Instead, our dataset was partitioned into complete and incomplete profiles, and

only complete profiles were used. A profile was considered complete if it started above 1.5 m and ended below 49.5 m in depth.200
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Figure 1. Number of observations available by month and depth at the Frioul site, aggregated from vertical profiles for the 1994–2024 period.

These data are presented for (a) the COAST-HF dataset (2014–2024) and (b) the SOMLIT dataset (1994–2024). The number n of vertical

profiles in each dataset is indicated in the title of the plots. The legend is common for both heatmaps, with colours indicating the number of

observations, ranging from low (purple) to high (yellow), and grey indicating 0 observations.

Most of the vertical profiles from the SOMLIT dataset were complete (Fig. 1) and with some profiles from the COAST-HF

dataset, they constituted a sample of more than 750 trajectories from which the mean curve, covariance matrix, eigenvalues, and

eigenfunctions were estimated. The FPCA scores of each incomplete profile for the first K eigenfunctions were then estimated

with PACE (Yao et al., 2005), and each profile was predicted on t ∈ [1,50] m. The choice of K was based on the number of

principal components retained in the FPCA on the complete vertical profiles, for which the variability explained plateaued.205

Here, K was set to 30, which explained 99% of the variance for both temperature and salinity. The parameter σ2, which

controls the fit between the prediction and observed data, was set to σ2 = 0.01 for temperature and salinity. The different steps

of the vertical profile reconstruction method and the procedure used to set σ2 are described in Appendix A. The fda package

was used, and the script developed is publicly available (Couteyen Carpaye, 2026).

To evaluate the efficiency of the prediction method, a simulation was performed using the SOMLIT complete vertical pro-210

files. Twenty percents of the dataset (150 profiles) were randomly truncated between 3 and 10 m at the surface and 40 and 48

m at the bottom. The remaining 80% were kept intact and used for the estimation of the mean curve, covariance matrix, and

eigenfunctions. The mean squared errors (MSE) were computed for the predictions of the truncated profiles against the intact

discrete measurements. The average MSE was computed for 100 Monte Carlo simulations.

The same simulation was performed by adding the measurement at the surface (1 m) for every truncated profile to replicate215

the surface sensor measurement.

Two variants of the reconstruction method were tested to determine whether they would improve the accuracy of the predic-

tion. The first variant was conditional FPCA (cond. FPCA). This method consist in weighting the observations based on their
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proximity to the prediction. In our case, the proximity was based on the time of the year and the observations were weighted

with a Gaussian kernel with a 50 days window. For each prediction, the mean curve, covariance matrix and eigenfunctions were220

determined conditionally to the date of the prediction. This method is more time-consuming, as a new FPCA is computed for

each prediction. The fda package was used along scripts developed based on the description of the method by Cardot (2007).

The second variant was multivariate FPCA (MFPCA). For this method, the information carried by both temperature and

salinity profiles are used through the cross-covariance matrix. In this method, the MFPCA scores are common for a couple of

temperature-salinity profiles, but each variable is associated to its mean curve, covariance matrix and eigenfunctions. The fda225

package was used along scripts developed based on the description of the method by Nerini et al. (2021).

2.4.4 Classification of similar TS profiles

The goal was to identify recurring hydrodynamic conditions that would affect the thermohaline vertical structure of the water

column differently. To achieve this, pairs of TS profiles with similar shapes were grouped together using a clustering method.

After reconstruction, the functions representing the data for all the temperature and salinity vertical profiles from 1 to 50 m230

were pooled together. In this dataset, the predominant signals were the seasonal variation of temperature and the salinification

in the GoL (Sammartino et al., 2022; Liu et al., 2025). To reveal the obscured information and to focus on the variations

of temperature and salinity along the water column, each vertical profile was self-centred as described in Appendix C. The

resultant vertical profiles represented a variation of temperature (∆T ) or salinity (∆S) on the [1,50] m depth interval.

To reduce the dimensions of the dataset, MFPCA was conducted on the n couples of self-centred TS profiles. The first235

four principal components scores were kept, representing the four principal modes of variations observed among self-centred

temperature profiles and self-centred salinity profiles. Additionally, it reduced the dimensions of the dataset from 2×n× 100

to n× 4.

Before applying model-based clustering on the MFPCA scores, the Euclidean distances d of each observation to the centroid

of the dataset were computed. To prevent the extreme observations to drive the clustering, the most distant values from the240

centroid (d > 4) were set aside. Model-based clustering was then applied to the remaining MFPCA scores with the mclust

package. The Mclust method was used and the clustering was evaluated for two to ten clusters and for all models available.

Initialization was made with Hierarchical Agglomerative Clustering (HAC) and the model was selected based on the higher

Bayesian Information Criterion (BIC). The model selected was the unconstrained model VVV representing nine clusters as

ellipsoid with varying volume, shape, and orientation. Classification was accepted when the level of uncertainty was lower than245

0.25, i.e. when the posterior conditional probability of an observation coming from the cluster was higher than 0.75 (Scrucca

et al., 2023). The observations that were previously set aside were classified with the resulting model. The nine clusters were

interpreted as nine vertical structures, characterized by variations in temperature and salinity throughout the water column.

To evaluate the reliability of the clustering on the prediction of the truncated vertical profiles, a simulation was made with

the SOMLIT complete vertical profiles. Twenty percents of the dataset (150 profiles) were randomly truncated between 3 and250

10 m at the surface and 40 and 48 m at the bottom. The remaining 80% were left intact and used for the estimation of the

mean curve, covariance matrix, and eigenfunctions. The predictions of the truncated profiles were classified with the clustering
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model previously obtained. And the predicted clusters were compared to the clusters that had been assigned to the complete

profiles before degradation. Confusions matrices were computed for 100 Monte Carlo runs.

The same simulation was performed by adding the measurement at the surface (1 m) for every truncated profile to replicate255

the surface sensor measurement.

2.4.5 Vertical structure comparisons

Comparisons between vertical structures were made using only the TS profiles from the SOMLIT dataset, which were sampled

consistently throughout the year (Table 1). The observed density of each vertical structure over the year was computed with

the circular package, which can deal with periodic data.260

Nutrient concentration and PicoNano assemblages were compared among vertical structures for the 2012–2024 period.

During this period, nutrient data and flow cytometry data were available each time temperature and salinity profiles were

measured. Thus, each vertical structure identified from the TS profiles was matched to the nutrient concentration and flow

cytometry data obtained on the same day. During this period, the number of observations among clusters was greater than 12,

except for vertical structure 8, for which three observations were available. Consequently, vertical structure 8 was excluded265

from the comparisons.

From 2012 to 2024, nutrient concentrations (NH+
4 , NO−

3 , NO−
2 , PO3−

4 , Si(OH)4) were systematically available alongside

the TS profiles of the SOMLIT dataset, with no missing values. A mean-normalized nutrient index was computed for each

date. It was computed as the sum of nutrient concentrations normalized by their respective means. As neither mean-normalized

nutrient index nor chl a concentration were normally distributed, each were compared among vertical structures with the270

non-parametric Kruskal-Wallis test and the Dunn post hoc test with Bonferroni adjustment using rstatix package. Descriptive

discriminant analysis (DDA), as described in Saporta (1990), was used to distinguish vertical structures based on nutrient

concentrations.

From 2012 to 2013, no sideward light scatter data were usable due to the reasons discussed in Sect 2.1. To avoid biasing the

analysis by imputing values, these years were not included. A second type of missing data occurred when the abundance of a275

group was zero, in which case SSC values are not defined. Because RedPicoProk and OraNano abundances were frequently

zero, the corresponding SSC variables (RedPicoProkSSC and OraNanoSSC) were excluded from the analysis. Because tem-

perature and light are known to strongly influence the distribution of pico- and nanophytoplankton species (Partensky et al.,

1999a; Flombaum et al., 2013), a segregation by season could reduce the bias induced by the seasonality of these variables and

the vertical structures. Since there were too few observations per season, winter-spring and summer-autumn were compared280

among them. Winter-spring period was set from December 1st to May 31st, when the temperature was typically below 16

°C. The summer-autumn period was set from June 1st to November 30th, when the temperature ranged from 14 °C to 27 °C.

For both winter-spring and summer-autumn periods, DDA was used to explore and summarize differences among the vertical

structures based on the abundance and SSC of each PicoNano group.
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2.4.6 Wind analysis285

Vertical structures exhibited varying degrees of vertical mixing. As wind forcing is considered the primary driver of vertical

mixing in the Gulf of Lion (Pairaud et al., 2011), the intensity of north-westerly winds (320°, 330°, 340°, and 350°) was

compared between mixing regimes. Because the SOMLIT sampling was conducted no later than 2:00 pm, wind intensity data

recorded on the same day between 12:00 am and 2:00 pm were used for the analysis. As data were not normally distributed,

one-sided Wilcoxon rank-sum tests were performed for each wind direction to assess whether wind intensity was greater in290

well-mixed than in mixed waters. A one-sided test was used based on the a priori hypothesis that stronger winds enhance

vertical mixing. Because the objective was to identify potentially relevant wind directions within the north-west sector rather

than to test a single global hypothesis, the analysis was considered exploratory and no correction for multiple comparisons was

applied. P-values should therefore be interpreted as indicative of potential direction-specific patterns rather than as confirmatory

statistical evidence.295

An exploratory analysis of wind data over the past thirty years revealed a shift in the dominant wind direction within the

north-western sector. For each year between 1998 and 2024, the 95th percentile of wind intensity was calculated for each wind

direction of the north-western sector (between 270° and 360°), rather than using maximum values, to reduce the influence

of extreme observations. The dominant wind direction for each year was defined as the mean direction corresponding to the

highest 95th percentile. A regression tree was then applied to the annual dominant wind direction as a function of year to300

identify potential shifts in wind direction over time, using the tree package. A regression tree was fitted 100 times, and for

each run, k-fold cross-validation with k = 5 was used to select the tree complexity that minimized deviance. A tree with four

terminal nodes was retained for the final analysis, as this level of complexity was selected by the cross-validation procedure in

about 85% of the runs.

2.4.7 Generalized Additive Model305

Vertical structures exhibiting similar hydrological characteristics and PicoNano assemblages (abundance and SSC) were grouped

together to reduce the number of categories before model fitting. For each aggregated category, annual counts and proportions

of observations were computed for each complete year from 1998 to 2024. The 1997 data were not used because the dataset

began in April and did not cover the entire year. To assess potential non-linear effects of time on the observation frequency

of each category, a multinomial generalized additive model (GAM) was fitted using the VGAM package (Yee, 2010). Vertical310

couples that could not be categorized into a vertical structure were regrouped in a not categorized (NC) category. The NC

category was set as the reference group, as it was never zero and remained reasonably constant over time. A vector cubic

spline smoother with four degrees of freedom (df) was applied to the time variable, as higher df did not improve the mean

log-likelihood obtained through leave-one-out cross-validation. A detailed description of the statistical model is provided in

Appendix B. Ninety-five percent pointwise confidence intervals were computed by resampling individual observations with315

replacement within each year and deriving empirical quantiles from the predicted probabilities.
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Table 2. Average mean squared error (MSE) for 100 Monte Carlo runs using n = 150 randomly truncated vertical profiles of temperature and

salinity. Comparisons are made between profiles without surface measurements and those supplemented by a measurement at a depth of 1

m. Predictions are generated using three variants of PACE described in the Methods section: univariate FPCA (FPCA), multivariate FPCA

(MFPCA), and conditional FPCA (cond. FPCA). The units for MSE are °C2 for temperature and PSU2 for salinity.

Variable Method Without surface measure With surface measure

Temperature FPCA 0.0260 0.00889

MFPCA 0.0267 0.0103

cond. FPCA 0.0247 0.00875

Salinity FPCA 0.00251 0.000965

MFPCA 0.00260 0.000993

cond. FPCA 0.00286 0.00108

3 Results

3.1 Vertical profile reconstruction

To assess the efficiency of the vertical profiles reconstruction methods, the average mean squared error was computed over 100

Monte Carlo runs, based on the prediction of 150 SOMLIT TS profiles that were randomly truncated. For temperature profiles,320

the most efficient method was the cond. FPCA, which had an MSE 5% lower than the FPCA method (Table 2). For salinity

profiles, the FPCA was the most efficient method, with an MSE 4% lower than the MFPCA and 12% lower than the cond.

FPCA (Table 2).

The FPCA method produced fairly reliable predictions for both temperature and salinity profiles in 75% of cases (see Ap-

pendix D1). However, in 5% of cases, the difference between the predicted and observed surface measurements was notable325

(>0.8 °C for temperature, >0.2 PSU for salinity). These poor predictions primarily impacted profiles with a shallow stratifica-

tion, most discernible in the truncated section. The poor prediction of temperature profiles mainly affected those observed in

summer and early autumn, particularly in June and September, when the thermocline was often shallow (less than 5 m deep).

Poor salinity predictions mainly affected profiles observed in June, but could potentially occur from April to December. Adding

a surface measurement to the truncated profiles considerably improved the prediction, reducing the MSE by 66% (Table 2).330

The COAST-HF dataset did not show significant deviations from the SOMLIT dataset. The relationships between the vertical

profiles of the two datasets on the same day were highly linear for both temperature (slope = 1, intercept = 0.06, R2 = 0.98) and

salinity (slope = 0.98, intercept = 0.76, R2 = 0.92). When supplemented with the surface sensor measurement at the depth of 1

m, 15.8% of the 928 COAST-HF profiles were complete, while 87.2% of the 691 SOMLIT profiles were complete. Combining

both datasets produced consistent predictions for incomplete profiles using PACE, for both temperature and salinity (Fig. 2).335

Even when surface measurements were not available, the projection of the predicted scores of the incomplete profiles with

PACE overlapped well with the scores of the complete profiles that were used to determine the FPCA factorial planes. This
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Figure 2. Projection of predicted scores for truncated vertical profiles (n = 867) using PACE on the first factorial plane of the FPCA derived

from complete vertical profiles (n = 752). Predicted scores are represented as black dots, while scores from complete profiles are shown as

grey dots. (a) Temperature first factorial plane; (b) salinity first factorial plane. Orange and blue dots indicate two truncated profiles, with their

predictions displayed below as orange and blue curves. (c) Example predictions of the temperature profile; (d) example predictions of the

salinity profile. Black dots represent observed measurements; solid lines indicate the predictions, while dotted lines represent the associated

95% asymptotic pointwise confidence interval.

can be seen in Fig. 2, where the first factorial planes for the temperature and salinity profiles depict 98% and 93% of the total

variance, respectively, of the datasets constituted by complete profiles.
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3.2 Identification of vertical structures from TS profiles340

A total of 1,619 TS profiles were clustered into nine different vertical structures with model-based clustering based on the first

four PC scores of the MFPCA (Fig. 3). Approximately 25% of the TS profiles could not be classified as the uncertainty was

higher than 0.25.

Vertical structures 6, 9 and 7 exhibited mixed waters, with varying degrees of mixing. Based on the temperature and salinity

differences between the depths of 1 m and 50 m, the most homogeneous water columns were labelled ’well-mixed waters’,345

while those that were less homogeneous were labelled ’mixed waters’, as detailed thereafter.

Vertical structures 6 and 9 indicated well-mixed waters, with a temperature difference of no more than 0.8 °C and a salinity

difference of no more than 0.3 PSU between the surface and a depth of 50 m (Appendix E1). These structures were mainly

encountered in winter, when north-westerly winds were strong (up to 13 m.s−1) and were not observed from June to September

(Fig. 4, Appendix E2).350

Vertical structure 7 was indicative of mixed waters, with a temperature and salinity difference between the surface and a

depth of 50 m slightly higher than that of well-mixed waters (up to 1.6 °C and 0.34 PSU, respectively). Mixed waters were

encountered year-round when north-westerly winds were moderate to strong (5–13m.s−1). They were scarce in summer.

Vertical structure 4 was indicative of strongly stratified waters with a temperature difference reaching 13 °C between the sur-

face and the bottom. This vertical structure was only encountered from April to November, when winds were weak (<8m.s−1).355

Vertical structure 5 was indicative of summer downwellings, characterized by a homogeneous surface layer approximately 30

m thick with warmer temperatures. This structure was mainly encountered in September, when winds were weak (<8m.s−1),

and was absent in winter.

Vertical structures 1, 3, and 8 were indicative of freshwater intrusions. Vertical structure 8 indicated winter intrusions, which

occurred when the temperature was homogeneous throughout the water column and the wind blew from an east-south-east360

direction. Vertical structure 3 was indicative of big intrusions, with a significant decrease in salinity at the surface, reaching

down to 4.4 PSU lower than at the bottom. These intrusions occurred throughout the year, peaking in May, with no clear pattern

in the temperature profiles. The prevailing winds were moderate north-westerly winds (8m.s−1–10m.s−1). Vertical structure 1

was labelled small intrusion because the salinity decrease at the surface was less important than in vertical structure 3 (less than

1 PSU). These occurred year-round, but primarily in spring and fall, when the water column showed little to no stratification365

and winds were weak (<8m.s−1).

3.3 Insights into vertical structures from low-frequency monitoring

The low-frequency data from the SNO SOMLIT were used to compare nutrients, chl a and PicoNano assemblages between

vertical structures for the 2012–2024 period. There was little data available on winter intrusions, as they were rare and were

only captured three times by the low-frequency survey between 2012 and 2024. Consequently, they were not included in the370

comparison.
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Figure 3. (a) First factorial plane of the MFPCA on the 1,619 pairs of temperature (∆T) and salinity (∆S) self-centred vertical profiles (TS

profiles) from SOMLIT and COAST-HF datasets. Colours highlight the nine vertical structures determined by model-based clustering on

the first four principal component scores. Vertical structures were assigned when uncertainty was lower than 0.25 and 410 TS profiles were

not assigned to a vertical structure. (b) Profiles associated to each of the nine vertical structures, grey lines represent the vertical profiles of

temperature (left) and salinity (right) and coloured lines represent the mean TS profiles of the vertical structure. Black lines represent the

mean TS profiles of the whole dataset.
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Figure 4. (a) Observed densities of each vertical structure throughout the year. The y-axis indicates the number of observations n in each ver-

tical structure. (b) Box plot comparing mean-normalized nutrient index in surface waters among vertical structures; letters indicate significant

differences between structures according to Dunn’s post hoc test (α= 0.05, Bonferroni adjustment). The mean-normalized nutrient index is

defined as the sum of nutrient concentrations normalized by their respective means. (c) Box plot comparing chlorophyll-a concentrations in

surface waters among vertical structures; letters indicate significant differences between vertical structures according to Dunn’s post hoc test

(α= 0.05, Bonferroni adjustment). Because little data were available on winter intrusions, they were not included in the comparison.

3.3.1 Surface nutrients & chlorophyll a

The mean-normalized nutrient index of surface waters differed significantly between vertical structures (Kruskal–Wallis, H =

63.7, df = 7, p < 0.001). The richest surface waters were found in well-mixed and mixed water columns. The total normalized

nutrient concentrations showed significant differences under these conditions compared to those observed when the water375

column was stratified. Namely, under summer downwelling conditions, early stratified and strongly stratified conditions, where

nutrient concentrations were lowest (Fig. 4). The nutrient composition of big intrusions was highly variable. However, they

were generally richer in PO3−
4 and NO−

3 . Small intrusions, meanwhile, were poorer in NO−
3 and PO3−

4 . Stratified waters

(strongly stratified, early stratified and summer downwelling) were the poorest in PO3−
4 and NO−

3 . The nutrient composition

of well-mixed waters from vertical structure 9 was closer to that of mixed waters than of well-mixed waters from vertical380
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structure 6 which were richer in NO−
2 (Appendix E3). There was no high variability between vertical structures for either

Si(OH)4 or NH+
4 .

Chlorophyll a concentration in surface waters differed significantly among clusters (Kruskal–Wallis, H = 66.7, df = 7, p

< 0.001). Chlorophyll a concentration was the highest during small intrusions, even though nutrients were not necessarily

elevated compared to the other clusters. Small intrusions and big intrusions showed chl a concentration significantly different385

from stratified conditions in summer downwellings, early stratified and strongly stratified waters.

3.3.2 Surface pico- and nanophytoplankton assemblages

The data related to the PicoNano assemblages associated with each vertical structure were distinguished using DDA in win-

ter–spring and summer–autumn. The first two DDA axes captured most of the differences among vertical structures, accounting

for 92.2% of the overall separation in winter–spring and 77.2% in summer–autumn (Fig. 5).390

During winter and spring we were able to compare the PicoNano assemblages of the two vertical structures of well-mixed

waters, mixed waters and small intrusions. The two vertical structures identifying well-mixed waters (6 and 9) had very similar

assemblages. These were characterized by a lower abundance of OraNano, as well as a lower SSC in RedNano. In contrast,

the PicoNano assemblages of the mixed waters differed slightly from those of the two well-mixed waters vertical structures.

The differences between well-mixed waters and mixed waters were mainly driven by the abundance of OraPicoProk and the395

SSC mean intensity of RedNano. Big intrusions were characterized by greater abundance of OraNano, lower abundance of

OraPicoProk as well as RedNano with a higher SSC intensity.

During summer and autumn, the assemblages in the mixed and well-mixed waters were the opposite of those in the strongly

stratified waters and big intrusions. The latter were characterized by greater abundance of OraPicoProk and RedNano with a

higher SSC value, whereas the former exhibited greater abundance of RedPicoProk and RedPico with higher SSC. Early strat-400

ified waters and summer downwellings exhibited intermediate assemblages. Additionally, big intrusions, well-mixed waters,

and early stratified waters showed greater abundance of RedPico.

3.3.3 Occurrence of vertical structures over the past two decades

For a more robust multinomial GAM analysis across the 27 time points (1998–2024), the nine vertical structures were grouped

into five categories. The resulting categories were Rhône intrusion, stratified water, well-mixed water, mixed water, and not405

categorized for non-identified vertical structures. Rhône intrusion included big intrusion, small intrusion, and winter intrusion.

Stratified water included early stratified, strongly stratified, and summer downwelling. Mixed water only included mixed water.

Well-mixed water included well-mixed water from vertical structure 6 and 9. The temporal evolution of these regrouped vertical

structures was analysed using a multinomial GAM, with non-identified vertical structures used as the reference category. Based

on a visual inspection of the temporal distribution, the proportion of non-identified vertical structures appeared to remain410

relatively constant over the study period. Relative to this reference, the proportion of Rhône intrusion varied significantly and

non-linearly over time (df = 3.0, χ2 = 19.5, p < 0.001), with a marked decrease between 2003 and 2004. Stratified conditions

did not vary significantly over the study period (df = 2.9, χ2 = 7.1, p = 0.061). In contrast, well-mixed and mixed waters
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Figure 5. Discrimination of vertical thermohaline structures based on abundance and mean sideward light scatter (SSC) of pico- and nanophy-

toplankton flow cytometry (FCM) groups associated to each pair of temperature and salinity profiles measured on the same day. Winter–spring

and summer–autumn were treated separately. (a) Descriptive discriminant analysis (DDA) for winter–spring; (b) DDA for summer–autumn.

The plots on the left show the first discriminant plane of the DDA discriminating vertical structures, and the plots on the right show the

corresponding correlation circles. Axis labels show the percentage of discriminant inertia explained. On the discriminant planes, solid lines

show 50% normal data ellipses and dashed lines show 75% normal data ellipses. The common nomenclature is used for FCM groups

(https://vocab.nerc.ac.uk/collection/F02/current/).
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exhibited opposite non-linear temporal dynamics, both significantly affected by time (well-mixed: df = 2.8, χ2 = 16.9, p

< 0.001; mixed: df = 3.0, χ2 = 14.8, p = 0.002). While the relative proportion of well-mixed waters increased between 2003415

and 2005, the proportion of mixed waters decreased. The proportion of well-mixed waters remained highest between 2004 and

2018 before slightly declining thereafter. Based on the distribution of the vertical structures over the years, a predominance of

well-mixed waters over mixed waters was mainly observed during winter.

As water mixing is closely related to wind, we examined the wind data to see if it could provide any useful information.

Shifts in the dominant wind direction within the north-western sector were observed over the past two decades. A first shift420

occurred in 2003, from 350° to 340°, followed by a second shift in 2008, from 340° to 320° (Appendix F1). Well-mixed

waters were generally associated with stronger north-westerly winds than mixed waters. To explore which wind direction was

most strongly associated with well-mixed conditions, wind intensity measured before each observation was compared between

the two vertical mixing regimes for wind directions of 320°, 330°, 340°, and 350°. Among these directions, winds from 330°

showed the lowest p-value (one-sided Wilcoxon rank-sum test, W = 380, p = 0.031), suggesting a potential association between425

stronger winds from this direction and the occurrence of well-mixed waters.

3.4 Classification efficiency and reliability of vertical structures sampled at high frequency

To evaluate the potential of studying different vertical structures based on a high-frequency sampling, we first needed to assess

the reliability of classifying truncated TS profiles that had been reconstructed. The vertical structures were predicted over 100

Monte Carlo runs based on the prediction of 150 SOMLIT TS profiles randomly truncated. The predicted vertical structures430

were then compared to the expected vertical structures of the TS profiles before alteration (Fig. 7).

Non-stratified vertical structures (6–9) were poorly identified. Generally, they were classified as either early stratified or

mixed waters. Strongly stratified waters were the most accurately identified vertical structure, as they typically exhibited a

deeper thermocline than the upper truncated portion. Almost 88% of strongly stratified waters were correctly classified. How-

ever, small intrusions, big intrusions, early stratified, summer downwellings and winter intrusions were sometimes misclassified435

as strongly stratified waters. Adding surface measurements considerably improved the classification of big intrusions. Never-

theless, well-mixed waters and mixed waters were still often misidentified as early stratified waters. Summer downwellings

were correctly identified 41% of the time, but 34% were misidentified as big intrusions and 20% as strongly stratified. Ap-

proximately 88% of strongly stratified waters, 20% of summer downwellings, 4% of big intrusions, 16% of early stratified

waters, 29% of small intrusions, and 45% of winter intrusions were found in strongly stratified waters. However, winter intru-440

sions were rarely observed. Summer downwelling surface waters were as poor as strongly stratified waters (see Sect 3.3.1).

Nutrient concentration in small intrusions was not significantly different from that in strongly stratified waters (see Sect 3.3.1).

Consequently, strongly stratified waters included mostly surface waters that were poor in nutrients.
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Figure 6. Evolution of the annual observation frequency of aggregated vertical structures. Solid blue curves represent the multinomial

Generalized Additive Model (GAM) fitted to the observed annual frequencies of each vertical structure, while dashed curves indicate the

corresponding 95% pointwise confidence intervals estimated with bootstrapping. Annual counts of observations ranged from n= 17 to

n= 29 across the years studied. NC: not categorized vertical structure.

4 Discussion

This study demonstrates that vertical profiles of temperature and salinity provide an informative means of identifying en-445

vironmental variations that influence nutrient availability and pico- and nanophytoplankton assemblages distribution at the

surface. This is particularly valuable where direct, long-term biological and chemical observations are limited. By combining

low-frequency TS profiles from the SNO SOMLIT with the high-frequency measurements from the SNO COAST-HF, we es-

tablished a coherent dataset suitable for model-based clustering. Using multivariate functional principal component analysis,

we exploited the longitudinal nature of vertical profiles to identify the main variations in TS profile shape, which we were450

able to interpret visually (Fig. 3). Applying MBC to MFPCA scores enabled to distinguish recurring thermohaline structures

associated with specific hydrodynamic conditions. These vertical structures consistently differentiated oligotrophic surface wa-

ters linked to a stratified water column paired with the absence of freshwater intrusions from richer surface waters associated
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Figure 7. Row-normalized confusion matrices of the TS profiles predicted vertical structures after being randomly truncated at both ends,

from 100 Monte Carlo simulations on 150 TS profiles. (a) TS profiles reconstructed without adding a surface measurement at 1 m. (b) TS

profiles reconstructed after adding a surface measurement at 1 m.

with a mixed water column (Fig. 4). They also revealed characteristic PicoNano assemblages across these regimes. Notably,

even under comparable nutrient concentrations, the identified vertical structures captured changes in the assemblages driven455

by the hydrodynamic context (Fig. 5). Over the past 30 years, the frequency of observations of each hydrodynamic condition

suggested a decrease in Rhône intrusions in the southern part of the BoM, as well as an increase in highly homogeneous water,

favouring different PicoNano assemblages in winter (Fig. 6, Fig. 5). Together, these findings support the use of TS profiles as an

effective proxy for hydrodynamic conditions and their biogeochemical consequences. The value of using entire vertical profiles

in oceanography to link the physical properties of the water column and biogeochemistry has also been highlighted by Taylor460

and Henson (2026), which presented an example linking temperature and chlorophyll vertical profiles from Biogeochemical-

Argo floats. Here, we show that the relationship between biology and vertical profiles characterizing water column structure
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can also be extended to cellular-level observations derived from flow cytometry data, even within the complex hydrodynamic

environment of a coastal site.

4.1 Vertical structures identification and characterization465

During summer and autumn, weak winds and surface warming gradually strengthen the stratification of the water column, while

strong north-westerly winds and associated upwelling enhance mixing. Once winds calm down, stratification quickly reestab-

lishes itself. Early stratification, evidenced by a shallow thermocline, pointed out a transitioning picophytoplankton surface

community from a Synechococcus (OraPicoProk) dominance in strongly stratified waters to a Prochlorococcus (RedPicoProk)

and phytoplanktonic picoeukaryotes (RedPico) dominance in mixed and well-mixed waters (Fig. 5b). This gradual shift in470

dominance among the pico fraction was accompanied by an increase in the size of phytoplanktonic nanoeukaryotes (RedNano)

as the stratification became more pronounced and the nutrients more limited. These contrasts among mixed, early stratified,

and strongly stratified waters were mainly captured by the first DDA axis, which summarized 46.5% of the overall separation

among vertical structures. These patterns align with typical Mediterranean stratified-season observations: Synechococcus dom-

inate the surface, while Prochlorococcus and picoeukaryotes peak deeper in the water column (Partensky et al., 1999b; Latasa475

et al., 2010; Mella-Flores et al., 2011; Mena et al., 2019; Vallina et al., 2023). The assemblages found in mixed waters likely

reflect upward transport of these deeper populations. Since nanoeukaryotes size does not vary with depth (Mena et al., 2019),

their enlargement under strong stratification could be driven by reduced division under nutrient depletion (Latasa and Berdalet,

1994; Mouriño-Carballido et al., 2016). However, this is not accompanied by a decline in their abundance, on the contrary. In

mixed waters, where higher predator–prey encounter rates are expected, (Kiørboe, 1993), grazing could offset faster growth480

and explain these patterns. Another possibility is that different and smaller species of nanoeukaryotes are favoured by mixing.

Another notable point is that the shift between Prochlorococcus and Synechococcus may appear inconsistent with the idea

that Prochlorococcus thrive in oligotrophic conditions (Partensky et al., 1999b; Zubkov et al., 2000; Johnson et al., 2006).

However, high light and UV stress can negatively affect Prochlorococcus (Partensky et al., 1999b; Flombaum et al., 2013) and

reduce their detectability by flow cytometry due to photo-inhibition (Mella-Flores et al., 2011; Thyssen et al., 2022). Therefore,485

our data likely reflect only the low-light–adapted fraction of the population. Because high-light–adapted ecotypes dominate

Mediterranean surface waters in summer and autumn (Mella-Flores et al., 2011), the apparent decline of Prochlorococcus in

more oligotrophic conditions may correspond to the increase of undetected high-light–adapted cells with a very low amount of

photosynthetic pigments, under the limit of sensitivity of flow cytometry.

The use of vertical hydrological structures allowed us to distinguish different degrees of mixing intensity induced by strong490

north-westerly winds, which were associated with contrasting assemblages of pico- and nanophytoplankton. Model-based

clustering identified two highly homogeneous structures and one slightly less homogeneous structure (Fig. 3). Assemblage

similarity within each vertical structure was more closely related to vertical homogeneity than to nutrient concentrations (Fig.

5a, Appendix E3), indicating a potential role of turbulence or convective intensity in shaping these communities. Well-mixed

waters appeared to be less favourable for large nanoeukaryotes and OraNano than slightly less homogeneous, but still mixed,495

waters. It has been suggested by previous studies that turbulence may negatively impact phytoplankton growth (Hondzo and
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Lyn, 1999; Berdalet et al., 2007; Llaveria et al., 2009). However, the species considered and the intensity of turbulence exam-

ined in these studies may differ from those in our system. Nonetheless, the smaller nanoeukaryotes observed in well-mixed

waters in winter and spring is in accordance with the observation of the dominance of small nanoeukaryotes of the genus Mini-

discus Hasle, 1973, during an intense convection event in the north-western Mediterranean Sea (Leblanc et al., 2018). This500

genus is known to exist at the Frioul coastal site (Leblanc et al., 2018). A finer taxonomic resolution of pico- and nanoeukary-

otes would help to better constrain the mechanisms underlying these patterns. Although it is a challenging task, molecular

techniques such as metabarcoding appear to be promising for better resolving the taxonomy of these small size fractions (Abad

et al., 2016; Hubert et al., 2025).

Under stratified conditions, downwelling events deepen the thermocline and generate a thick, vertically homogeneous sur-505

face layer of warmer water. Such events can strongly impact benthic communities by transporting warm surface waters down-

ward (Estournel et al., 2025). Although strongly stratified waters and summer downwelling boundaries were partly blurred,

strongly stratified waters were generally characterized by warmer surface temperatures and a shallower thermocline than sum-

mer downwellings (Fig. 3). Downwellings are typically induced by southeasterly winds, which are rare in summer but become

more frequent in autumn (Millot, 1990). We observed that downwellings in summer did not significantly alter surface nutrient510

concentrations. Pico- and nanophytoplankton assemblages associated with downwelling conditions closely resembled those

observed during early stratification, but were characterized by fewer and larger picoeukaryotes (Fig. 5b). As discussed above,

this may reflect a negative effect of increased turbulence on picoeukaryotes growth, as southeasterly winds are known to gen-

erate strong swells (Millot, 1990). However, in our dataset, strong southeasterly winds were not clearly identified during the

summer downwelling events (Appendix E2). This may have been due to wind attenuation at the Marignane meteorological sta-515

tion caused by shielding from the Côte Bleue massif. Comparisons with offshore pelagic observations from the SNO MOOSE

(Mediterranean Ocean Observing System for the Environment, https://www.moose-network.fr/) could help clarify the role of

offshore-to-coastal advection in shaping these coastal assemblages.

Three vertical structures associated with freshwater intrusions were identified. The marked salinity decrease between surface

and bottom waters (generally >0.4 PSU) indicated that these structures were representative of Rhône River intrusions, given520

that bottom salinity at the station remained close to 38.15 PSU and that the Rhône dilution area is typically characterized

by salinities below 37.8 PSU (Gatti et al., 2006). Following the classification of Fraysse et al. (2014), who described small,

big, and short-lived intrusions, we distinguished small and big intrusions based on the magnitude of the salinity decrease, in

agreement with their observations. Big intrusions were generally associated with nutrient-enriched surface waters and elevated

chl a concentration (Fig. 4). Our small intrusions occurred when the water column was barely stratified, in contrast to Fraysse525

et al. (2014) who found that small intrusions were linked to the presence of a shallow thermocline. Which may suggest that

the vertical structures identified here may represent different stages of an intrusion rather than distinct intrusion types. The

small intrusions we observed could correspond to big intrusions undergoing destruction by strong south-easterly winds that

enhance mixing. However, these winds may be underestimated at the Marignane station, as discussed above. Even so, this

interpretation is consistent with the lower nutrient concentrations but higher chl a concentration we observed during small530

intrusions, potentially indicating a bloom initiated during a big intrusion (Para et al., 2010; Fraysse et al., 2014) (Fig. 4). Dur-
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ing summer–autumn, big intrusions favoured higher abundances of Synechococcus and small picoeukaryotes, as well as larger

nanoeukaryotes (Fig. 5b), consistent with previous observations linking Synechococcus and picoeukaryotes to mesotrophic

conditions (Campbell and Vaulotaf, 1993; Partensky et al., 1999a; Zubkov et al., 2000). Compared to well-mixed conditions,

the reduced salinity, increased turbidity within the Rhône plume, and weaker vertical mixing, likely contributed to the distinct535

assemblages observed. The general characteristics of pico– and nanophytoplankton assemblages during intrusions were consis-

tent across seasons, except concerning Synechococcus. Compared to big intrusions, well-mixed waters were more favourable

to Synechococcus in winter and spring than in summer and autumn. Too few observations were available to characterize small

intrusions.

We were unable to identify Northern Current intrusions in the BoM. Indeed, temperature and salinity profiles alone are often540

insufficient, as the current lacks a constant thermohaline contrast with coastal waters and exhibits high intrinsic variability

(Gatti, 2008). To better characterize the Northern Current intrusions and their influence on the PicoNano assemblages, it would

be necessary to include an Acoustic Doppler Current Profiler (ADCP) in the Bay or to make use of modelling.

Overall, our results suggested that Prochlorococcus low-light adapted and picoeukaryotes presence at the surface in sum-

mer appeared to be mainly attributed to vertical mixing, consistent with their low tolerance to light (Zubkov et al., 2000).545

Nanoeukaryotes and picoeukaryotes appeared sensitive to nutrient variations and the degree of mixing of the water column.

However, with our data, we were unable to establish whether it affected their growth rate or taxonomic composition. OraNano

abundance was correlated with nanoeukaryotes size in winter and spring, suggesting that the conditions favouring larger na-

noeukaryotes also benefited phycoerythrin-rich nanoeukaryotes (Fig. 5). The study of the PicoNano assemblages in the context

of the hydrological vertical structures enabled us to consider both the physical and chemical background. The consistency of550

the observed assemblages with the literature supports the reliability of the vertical structures we identified as indicators of

the hydrodynamic conditions at play and their impact on pico- and nanophytoplankton assemblages. However, some vertical

structures partly overlapped, and although cluster assignments were associated with relatively low uncertainty (<0.25), this

uncertainty should be kept in mind.

4.2 Environmental changes in the Bay of Marseille over the past two decades and implications on nutrient555

concentrations and pico- and nanophytoplankton

In accordance with Feuilloley et al. (2020), vertical structures corresponding to a stratified water column did not show any

significant trend over the past 27 years (Fig. 6). However, the sampling frequency (every two weeks) used by the SNO SOMLIT

may be insufficient to detect any long-term trends regarding the stratification.

The number of Rhône intrusions observed at the Frioul site in the BoM significantly decreased at the beginning of the560

century. The number of intrusions observed each year from 2004 onwards was half the number observed in the preceding years

(Fig. 6). We could not determine whether this was due to a decrease in the frequency, spread or duration of the intrusions, or a

combination of these factors. To our knowledge, this decrease has not been documented before. However, this is in accordance

with the oligotrophication observed in the BoM (Lheureux et al., 2023; Garcia et al., 2023). The impoverishment of the Rhône

River along with the fewer or shorter intrusions since 2004 surely contributed to the decreasing trend in nutrients concentration565
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(Feuilloley et al., 2020; Lheureux et al., 2023). This decrease in Rhône intrusions is concomitant with the decrease in the

occurrence of mixed water column and the increase in occurrence of well-mixed water column. These all concur with a shift in

the dominant wind direction within the north-western sector, from 350° to 340° in 2004 (Appendix F1). A potential tendency

was observed for well-mixed conditions to occur under relatively stronger winds from 330° compared with mixed conditions.

The increased occurrence of well-mixed conditions, particularly during winter and spring, may be related to a westward shift570

in the dominant wind direction. However, confirming this relationship would require dedicated modelling studies to further

investigate how wind direction modulates vertical mixing intensity. Between 2008 and 2018 the recurrent predominance of

winds from 330° may have further favoured well-mixed waters. The fewer Rhône intrusions and the prevalence of well-mixed

water implied that the conditions favouring large nanoeukaryotes may have become less frequent. This is in accordance with

the observed decreased lipid content since 2009 in zooplankton 300-500 µm size fraction, mainly composed by copepods575

(Garcia et al., 2024). On the one hand, a phytoplankton-based diet is known to induce a higher lipid content in copepods

(Lee et al., 2006). On the other hand, only large nanophytoplankton are accessible to copepods through direct herbivory and

nanoplankton are believed to be the main contributors to the zooplanktonic biomass in the northwestern Mediterranean Sea in

winter (Sommer et al., 2002; Hunt et al., 2017). Thus, the suspected increased prevalence of small nanoeukaryotes in winter

potentially leading to a reduction of nanophytoplankton in copepod diets, could contribute to explaining the observed decrease580

in their lipid content. The hypothesis of a shift from autotrophic prey to heterotrophic and mixotrophic prey has already been

suggested by Garcia et al. (2024). As a result, this may have affected the quality of the favourite preys ingested by S. pilchardus

which are copepods (Chen et al., 2021; Nikolioudakis et al., 2012), leading to the decrease in the body condition of these small

pelagic fish for which the BoM is a reproduction and fishing area (Pichot et al., 1978; Lee, 1961; Queiros et al., 2021; Garcia

et al., 2024).585

If the physical conditions induced by the intensity of the vertical mixing are responsible for the PicoNano assemblages we

observed, these are more likely to stay consistent over time. However, the PicoNano assemblages that we observed during the

Rhône intrusions may be more influenced by nutrient input. Thus, as the nutrient composition of the Rhône River has changed

over the past thirty years (Feuilloley et al., 2020; Lheureux et al., 2023), the PicoNano assemblages observed during the last

twelve years may not be representative of the assemblages that we would have observed thirty years back.590

4.3 Reliability of vertical structures identification from high-frequency profiles

Vertical profiles measured automatically by the profiler installed on a mooring under the SOLEMIO buoy in the BoM are trun-

cated due to installation constraints. These profiles are supplemented by a surface measurement from another sensor installed

on the mooring at a depth of 1m. However, one or both instruments may occasionally malfunction, undergo maintenance,

or be dismantled in case of bad weather conditions during winter. Thus, resulting in missing or truncated data, which are595

common issues in high-frequency monitoring (Schmitt and Lefebvre, 2016). To deal with the truncated profiles, we used a

reconstruction method based on functional data analysis to predict the vertical profiles along the entire water column (1–50 m

deep). Following the approach of Fonvieille et al. (2026), we tried to strengthen the prediction by conditioning it with time and

by using the information held by both temperature and salinity profiles simultaneously. However, the complexification of the
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method did not increase the prediction significantly (Table 2). If the time conditioning may have produced better results for600

the temperature profiles because of the seasonality of the temperature, it was not the case for salinity. The latter being mainly

impacted by Rhône intrusions that are not correlated with the day of the year. Furthermore, the multivariate approach was not

better suited, given that the cross-covariance between temperature and salinity was negligible. This is not surprising in a coastal

environment, where continental fresh water inputs and wind mixing are the main drivers of the vertical structure of salinity and

temperature. While adding environmental variables should theoretically refine our results, the high variability of the coastal605

zone combined with our limited number of observations meant that these complex models were more sensitive to local noise,

ultimately making them less reliable than a simpler, more general approach.

The predicted truncated profiles were consistent with the observed profiles in the BoM (Fig. 2) and allowed us to build a

relatively large dataset. However, if we used them for the clustering of the TS profiles, we did not include them in the com-

parisons between vertical structures or in temporal analysis. The reconstruction method mostly produced reliable predictions610

but were strongly biased in rare cases (5% of cases), particularly affecting profiles with shallow stratification (Appendix D1).

The biases induced by the reconstruction introduced uncertainty into the classification of the high-frequency profiles. Conse-

quently, we needed to evaluate how the error in prediction impacted the classification of the TS profiles for high-frequency

applications. Our results revealed that vertical profiles collected at high frequency could be used to identify strongly stratified

waters, keeping in mind that they may include summer downwellings and small intrusions. As such, they could be used as a615

reliable indicator of oligotrophic waters associated with enhanced stratification (Sect 3.4). The measurements by the surface

probe allowed the correct classification of most of the big intrusions (95%) while only half were correctly classified without

them. For other vertical structures, the misclassification rate being higher than 50% may be too elevated to draw any reliable

conclusion (Figure 7). High-frequency vertical profiles could be a useful way to record the onset of stratification each year.

Combined with wind data, these profiles could be used to assess the necessary wind conditions to offset strong stratification.620

These data could provide insight into the duration of the most oligotrophic conditions in the BoM, which were encountered

when the water column was strongly stratified or during summer downwellings (Fig. 4). This is particularly relevant since

these oligotrophic conditions are expected to become more frequent due to enhanced stratification linked to climate change

(Sarmiento et al., 1998). However, we must emphasize the need for a consistent time series covering the period ranging from

the beginning of March to the end of November. Which is the period when the water column can be highly stratified (Fig. 4).625

It is also essential to conduct this monitoring over several years to fully leverage these data.

5 Conclusions

In the context of climate change, understanding ecosystem responses to environmental variability is increasingly critical, mo-

tivating intensified efforts to document ecosystems across spatial and temporal scales (Sunagawa et al., 2020). High-frequency

ocean monitoring, however, requires automation, data management, maintenance, resilient equipment, and sufficient funding630

(Glenn et al., 2000), meaning many Essential Ocean Variables (EOVs) cannot yet be surveyed at high frequency. Consequently,

ship-based time series remain crucial to monitor ecosystem changes (von Jackowski, 2024). Long-term studies demand con-
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sistent, high-quality monitoring, but maintaining certain variables at the same level of quality is challenging. Observations

may vary due to methods, instruments, calibration, or human operators, necessitating rigorous quality control (Strayer et al.,

1986; Taverniers et al., 2004; von Jackowski, 2024). Therefore, some time series may not be fully comparable over their entire635

duration (Strayer et al., 1986; Glenn et al., 2000; von Jackowski, 2024).

To address these challenges, a common strategy is to monitor variables that are easy to maintain and rapidly analysable,

forming a core time series supplemented by short- to medium-term studies (Strayer et al., 1986; Wiebe et al., 1987). This

approach allows identification of recurring environmental conditions and evaluation of their impacts on biological communities.

In this study, we demonstrated that vertical profiles of temperature and salinity effectively indicate hydrodynamic conditions640

influencing pico- and nanophytoplankton assemblages in a north-western Mediterranean coastal site, where nutrient availability

is primarily driven by wind mixing and freshwater inputs. Our results suggest potential changes in the nanoeukaryote functional

group, consistent with shifts observed in zooplankton and small pelagic fish over the past 30 years.

This study highlights the value of monitoring variables that are simple to measure and maintain over time, such as temper-

ature and salinity, to build reliable long-term time series. It also underscores the challenges of sustaining high-quality, high-645

frequency observations over extended periods. Overall, these findings demonstrate that long-term scientific insight depends

more on the consistency and reliability of well-curated time series than on data volume alone.

Code and data availability. Physico-chemical and flow cytometry data for the Frioul coastal site are accessible from the SEANOE portal

(Savoye et al., 2026). Météo France SYNOP data are accessible from the French public data catalogue (Météo France, 2026). High-frequency

temperature and salinity data are accessible from the SEANOE portal (Garcia et al., 2025). The R script implementing the vertical profile650

reconstruction method used in this study is publicly available (Couteyen Carpaye, 2026). The following R packages were used : dplyr

(Wickham et al., 2023), ggplot2 (Wickham, 2016), fda (Ramsay, 2024), VGAM (Yee, 2010), tree (Ripley, 2025), mclust (Scrucca et al.,

2023), rstatix (Kassambara, 2023), lubridate (Grolemund and Wickham, 2011), shiny (Chang et al., 2024), circular (Agostinelli and Lund,

2025)

Appendix A: Methodological workflow for vertical profile reconstruction655

The spline smoothing step requires the setting of the number of basis functions and a smoothing parameter, which is described

in Sect 2.4.2. The PACE estimation step requires an estimation of the variance parameter σ2, which controls the balance

between fidelity to the observed data and smoothness of the reconstructed profiles. The choice of σ2 is described below (Sect

A1).

The vertical profile reconstruction method follows 6 steps:660

1. Vertical profiles are split in two groups : complete (first observation above 1.5 m deep and last observation below 49.5

m deep) and incomplete.

2. Complete profiles are smoothed over the 1–50 m depth range using penalized B-splines.
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3. Functional principal component analysis (FPCA) is applied to the complete smoothed profiles.

4. The mean values µ and the covariance matrix are estimated from the coefficients of the complete profiles. Eigenvalues665

and associated eigenfunctions (λk,ϕk) are estimated from the spectral decomposition of that covariance matrix.

5. For each incomplete profile i, the functional principal component (FPC) scores ξik,k = 1, . . . ,K associated with the first

K eigenfunctions are estimated using PACE (Yao et al., 2005) assuming the variance σ2 of the measurement errors is

known (see below).

6. Each incomplete profile i is reconstructed over the depth interval t ∈ [1,50] m as670

X̂K
i (t) = µ(t)+ΣK

k=1ξikϕk(t)

A1 Variance parameter σ2 selection

In PACE, the variance σ2 of the measurement errors controls the balance between fidelity to the observations and smoothness

of the reconstructed profiles. Small values of σ2 lead to reconstructions that closely follow the observations, whereas larger

values produce smoother reconstructions but may underfit the data. Yao et al. (2005) proposed an estimator for σ2. However,

in our dataset, this estimator did not minimize the reconstruction error.675

To select σ2, simulations were performed by degrading 20% of the complete profiles, following the procedure described in

Sect. 2.4.3. Predictions of the degraded profiles over the depth interval t ∈ [1,50] m were computed using the σ̂2 estimator

from Yao et al. (2005), as well as a range of σ2 values. The mean squared error between observed and reconstructed profiles

was then computed for temperature and salinity, for each σ2 value, over 20 Monte Carlo runs.

The lowest average MSE values were obtained for σ2
T = 0.01 for temperature and σ2

S = 0.001 for salinity (Fig. A1). How-680

ever, to account for the instrumental accuracy of salinity measurements (0.1 PSU), we adopted a uniform σ2 = 0.01 for both

variables. This value aligns closely with the σ̂2
S estimate proposed by Yao et al. (2005) and it provides a way to balance data

fidelity and profile smoothness while considering instrumental constraints.

Appendix B: Multinomial Generalized Additive Model

For each year t, let685

Yt = (Yt1, . . . ,YtK)

denote the vector of observed counts for the K = 5 aggregated vertical structure categories (Rhône intrusion, stratified water,

well-mixed water, mixed water, and not categorized, NC), with total count

Nt =

K∑

j=1

Ytj
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Figure A1. Average mean squared error (MSE) for 20 Monte Carlo Runs with n= 150 randomly truncated vertical profiles of temperature

and salinity, for different values of the variance parameter σ2 used in the predictions with principal component analysis through conditional

expectation (PACE). Circles indicate the average MSE obtained with the σ2 computed with the estimation of Yao et al. (2005). The X-axis

uses alog-scale.

We assumed that Yt followed a multinomial distribution:

Yt ∼Multinomial(Nt,π(t))

where π(t) = (π1(t), . . . ,πK(t)) represents the vector of category probabilities at year t.

To model temporal variation in category probabilities, we used a baseline-category logit formulation. The NC category690

(j =K) was chosen as the reference category. For each non-reference category j = 1, . . .K − 1, the log-odds relative to the

reference were modelled as smooth functions of time:

log

(
πj(t)

πK(t)

)
= β0j + fj(t)

The functions fj(t) were represented using cubic smoothing splines:

fj(t) =

M∑

m=1

βjmBm(t)

where Bm(t) are spline basis functions and M = 4 denotes the basis dimension. The vector smoother treats the K − 1

log-odds as a multivariate response and fits the spline jointly.695

Parameters are estimated by maximizing the penalized multinomial log-likelihood:

ℓ(β)−
K−1∑

j=1

λj

∫
[f ′′

j (t)]
2dt
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where ℓ(β) is the multinomial log-likelihood and λj are smoothing parameters controlling the trade-off between fit and

smoothness (Yee and Wild, 1996).

Appendix C: Vertical centred profiles

Each vertical profile i is represented as a linear combination of basis functions,700

fi(t) =α⊤
i ϕ(t), t ∈ [1,50] m.

Each profile i was centred by subtracting its mean, f̄i, as follows

fi(t)− f̄i = (αi −µ)⊤ϕ(t),

where the profile mean is defined as

f̄i =
1

50− 1

50∫

1

fi(t)dt,

and µ denotes a constant vector with entry f̄i.

Appendix D: Simulation of the reconstruction of degraded SOMLIT vertical profiles

The SOMLIT dataset was randomly degraded to evaluate the efficiency of the reconstruction method described in Appendix705

A. Twenty per cent of the profiles were randomly truncated between 3 and 10 m at the surface and 40 and 48 m at the bottom.

The remaining 80% were left intact. Figure D1 shows the temperature and salinity profiles associated to the best and worst

predictions and the profiles associated to the quantiles 0.25, 0.5, 0.75 of the MSE.

Appendix E: Vertical structure comparisons

Nine vertical structures were identified using MBC based on temperature and salinity vertical profiles. To identify the hydro-710

dynamic conditions associated with these structures and to compare them with one another, the differences in temperature

and salinity between the surface and the bottom were computed (Fig. E1). Winds blowing between 12:00 am and 2:00 pm

on the sampling date were compared using wind roses (Fig. E2). Nutrient concentrations were compared using descriptive

discriminant analysis (Fig. E3). The following figures are referred to in Sect 3.2.
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Figure D1. Predictions of truncated SOMLIT vertical profiles with principal component analysis through conditional expectation (PACE,

blue solid line) and 95% asymptotic pointwise confidence intervals (dotted line) associated with minimal (MIN), maximal (MAX) and

quantiles 0.25 (Q1), 0.5 (MEDIAN), 0.75 (Q3) of mean squared error (MSE) computed for 152 predicted profiles. Also shown are original

complete curves (grey solid line), truncated observations (black dots) and predictions with additional surface observation (red solid line).
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Figure E1. Box plots comparing temperature (top, ∆T ) and salinity (bottom, ∆S) differences between 1 m and 50 m deep among the vertical

structures. Box plots visualize the median, and the lower and upper hinges correspond to the first and third quartiles. Whiskers extend to the

most extreme values within 1.5×IQR from the quartiles, while points beyond are plotted individually as outliers.
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Figure E2. Stacked wind-rose plot showing the wind observations made between 12:00 am and 2:00 pm on each of the days that the vertical

structures were observed. The number of days n each vertical structure was observed is indicated on each wind-rose title. The height of each

bar represents the raw number of measurements within a directional sector, while colours correspond to wind-speed categories.
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Figure E3. First discriminant plane of the descriptive discriminant analysis (DDA) of nutrient concentration discriminating vertical struc-

tures, together with the corresponding correlation circles. Axis labels show the percentage of discriminant inertia explained. On the discrim-

inant planes, solid lines show 50% normal data ellipses and dashed lines show 75% normal data ellipses. NO3: nitrate, NO2: nitrite, PO4:

phosphate)

Appendix F: Dominant wind shift715

The wind direction associated with the maximum 95th percentile of wind speed for the north-western sector was computed for

each year between 1998 and 2024. A regression tree revealed three shifts in dominant wind direction (Fig. F1). The first shift,

from 350° to 340°, occurred between 2003 and 2004. The second shift, from 340° to 325°, occurred between 2008 and 2009.

The third shift, from 325° to 320°, occurred between 2017 and 2018.

Author contributions. MCC, GG, and DN conceptualized the study. GG is responsible of project management. MCC, FG, VL, SN, DP and720

CS contributed to the data curation. FG, VL, SN, DP, CS, LB, MD and JMF contributed to data collection. MCC performed the formal

analysis, visualization and wrote the manuscript draft under the supervision of GG and DN. All authors reviewed the manuscript.
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Figure F1. Piecewise constant regression (Classification And Regression Trees, CART method (Ripley, 2025), blue line) of the mean yearly

dominant westerly wind direction (black dots) at the Marignane Météo France station, where dominant direction is defined as the wind

direction associated with the maximum 95th percentile of wind speed. A tree with four terminal nodes was selected by the cross-validation

procedure to minimize the deviance in about 85% of the 100 runs.
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