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Highlights

e The classification of the Rhéne River hydrology was obtained by fuzzy C-mean logic
e A 5-Cluster configuration is efficient to characterize Rhéne River hydrology
e AMc-POC distribution among each cluster confirms the main assessments in literature

e This approach allows to identify the contribution of each hydrology to samples
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Abstract

Within the framework of the Rhone Sediment Observatory, monthly time-integrated
samples have been collected by Particle Traps in the last decade to monitor particulate
contaminants in the Rhone River and its main tributaries. In this watershed with a contrasted
hydrology, a clustering approach is used to classify the samples according to the main
hydrological events. This approach has been applied to riverine particulate organic
radiocarbon signatures (A'*C-POC) that are strongly affected by the origin of the material
and the occurrence of nuclear power plant releases. Suspended Particulate Matter (SPM)
samples were collected near the outlet of the Rhéne River and analysed for **C along with
particulate organic carbon (POC), chlorophyll a and tritium contents to confirm A**C-POC
origins. Cluster Analysis, coupled to Principal Component Analysis, were performed based on
monthly average water discharges of the Upper Rhéne River and the five main tributaries.
The classification obtained by fuzzy C-mean logic of the Rhéne River hydrology into 5 clusters
is similar to that already observed in the literature with Mediterranean/Cevenol flood,
oceanic pluvial flood, nival flood, low-water level and baseflow clusters. The contribution of
each cluster among the AC-POC values demonstrate the complexity of hydrological
classification of time-integrated samples. First, the samples with a unique and significantly
dominant cluster are easily explained with negative A**C-POC values observed in the flood
clusters due to input of **C-depleted material from soil or rock weathering, and positive
values observed in the low-water level and baseflow clusters due to anthropogenic input by
nuclear industry. Second, samples that present a homogeneous mixture between several
clusters demonstrate the occurrence of different hydrological events during the sampling
periods. This tool appears as a solution to estimate the contribution of each hydrological

event classification in time-integrated samples.
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1. Introduction

Rivers are unquestionably links between the Earth system reservoirs as they connect 87 % of
the Earthland surface to the oceans (Meybeck, 1982). They are also the receptacle of
pollutants such as organic and inorganic micropollutants due to agricultural, industrial,
domestical and mining activities (Meybeck, 2003) but also artificial radionuclides that are
released by nuclear industries (Eyrolle et al., 2020).

Suspended Particulate Matter (SPM) is one of the aquatic fractions and belongs to
sedimentary systems with processes of particles burying and remobilisation within river
systems entering in the long-term cycle (Leithold et al., 2016). Photosynthesis, microbial
oxidation, floodplain sediment remobilisation, sediment introduction are so many processes
that can affect pollutant composition across the river (Meybeck et al., 2003; Walling et al.,
2003). Thus, monitoring riverine SPM dynamic is of a great challenge in the perspective of
health risk assessment, ecological restauration or river management (Walling et al., 2003).
The development of network monitoring of SPM and pollutant fluxes has been performed
over these last decades using SPM discrete sampling (Horowitz et al., 2001) but their
frequencies of acquisition are still be constrained to event with a fixed periodicity, such as
flood, and variations of SPM concentration (Cspm) that can occur between samples are often
omitted (Misset et al., 2019) .

The deployment of Particle Traps (PT) has been described as a serious alternative from direct
sample as they are time-integrative, low cost and easily handled (Phillips et al., 2000; Schulze

et al.,, 2007). However, they can cover periods that might integrate several hydrological
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events and affect our knowledge on contaminant dynamic (Poulier et al., 2019). Thus,
constraining hydrosedimentary behaviours of river systems using time-integrated sample is
challenging. Multivariate analysis and clustering to characterize catchment seasonal
hydrology could be linked with time-integrated sample. The Principal Component Analysis
(PCA) coupled to Clustering Analysis (CA) has been widely used in Earth and Environmental
sciences (e.g., Delaval et al., 2021, Raux et al., 2011). It is also an usual method for data
mining when it comes to identify groups and classify individuals. However, many algorithms
exist and present different results and convergence speeds (Jain et al., 1999). Fuzzy c-mean
algorithms are usually considered as reliable algorithms in environmental sciences (Delaval
et al., 2021, Kim et al., 2011). Their success is due to their simple geometric criteria and their
robustness without any prior information on the cluster structure such as possible overlap or
sphericity (Kamel and Selim, 1994). In addition, the fuzzy approach provides cluster
membership degrees (probability for an observation to belong to a cluster) instead of sharp
cluster boundaries. As a result, the ambiguity of the data can be preserved and these
probabilities can be used later for post treatments or deeper interpretations (Kim et al.,
2011).

The Rhone River is one of the major sources of freshwater and SPM to the Mediterranean
Sea (Milliman and Farnsworth, 2011). It is also a strongly anthropized catchment where
inorganic and organic pollutants are monitored for several decades (e.g., Delile et al., 2020;
Eyrolle et al., 2018; Launay et al., 2019; Ollivier et al., 2011; Poulier et al., 2019; Radakovitch
et al., 2008). Within the Rhéne Sediment Observatory (OSR) framework, SPM are collected
every month on the Rhéne River and its main tributaries using PT (Lepage et al., 2022). While
the results demonstrate a strong link between the contaminant concentrations and the

hydroclimatic heterogeneities of this catchment including different tributary regimes (e.g.,
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Delile et al., 2020; Poulier et al., 2019), the occurrence of different events in a same time-
integrated sample may lead to a bias in interpretation.

In this study, we propose to classify time-integrated samples according to hydrological
events using a clustering approach and to investigate the distribution of the clusters among
the concentrations of AC (Carbon 14 reported to 1950 standard) in Particulate Organic
Carbon (POC). Here, the challenge is that while the hydrology of the Rhone River was already
classified based on hourly or daily water discharge values by previous studies (e.g., Mourier
et al., 2014; Ollivier et al., 2011; Poulier et al., 2019; Radakovitch et al., 2008; Zebracki et al.,
2015), time-integrated samples, that can cover periods from two weeks to one month, might
integrate several hydrological events (Delile et al., 2020; Poulier et al., 2019). The hydrology
of the Rhone River main tributaries during time-integrated sampling (164 samples) has been
classified with a fuzzy-C mean algorithm. Carbon-14 (**C), expressed as A*C, in riverine POC,
is a radioisotope occurring naturally in the upper parts of the atmosphere and from
anthropogenic sources such as atmospheric nuclear weapon tests (1945-1990) or releases of
nuclear industries (Eyrolle et al., 2018). The *C-POC is selected here because its dynamic in
the Rhone River is well documented: '*C-labelled POC by nuclear industry releases during
low-water level is opposite to depleting **C-POC by introduction of **C-dead Carbon, during
floods, coming from rock or soil weathering (Copard et al., 2018 ; Eyrolle et al., 2018; in
review). Geochemical indicator distributions have been then discussed such as POC content
in SPM (%POC) and Chlorophyll a content in POC (%Chl.a) to study the distribution of the
clusters among the A'C-POC. To identify potential artificial *C releases, tritium

concentrations collected in water masses were also investigated.
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2. Material and methods

2.1. Study area

The Rhéne River basin covers a 98 500 km? area (Figure 1), with a river stream length of 816
km. The watershed boundaries are delimited with the presence of the Alps, Jura, Cevennes
and Vosges mountains lidding to a string topographic gradient and hydroclimatic

heterogeneities (Olivier et al., 2009). It encompasses tributaries with contrasted hydrologies

i) oceanic pluvial regime observed at the North of the watershed in winter (Saéne and Ain

rivers);
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125 Figure 1 — Map of the Rhone watershed with the delimitations of main tributary basins discussed in this study.

126 The locations of SORA and Jons stations, the tributary stations and the nuclear industries are also added.
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ii) flash Mediterranean rainfalls, coming from Mediterranean Sea, and generally observed in
autumn, that occur in the Southeastern part of the watershed (Durance, Dréme and Ouveze

rivers);

iii) flash Cevenol rainfalls that conduct to the same sharp flow variation than Mediterranean
floods but occur early in fall season and are more located around the Cevennes mountains

(Ardéche, Céze and Gardon rivers);

iv) alpine regimes linked to the snow melt and generally occurring in Alps tributaries (Arve,

Fier, Isére and Durance rivers) during spring;

v) generalized floods that encompass all flood events (Delile et al., 2020, Pont et al., 2002,

Sadaoui et al., 2016).

In addition, fourteen nuclear reactors and various nuclear industries are distributed along

the Rhone River making it as one of the most nuclearized river in the world (Eyrolle et al.,

2020).

2.2. Sampling methodology

Samples were collected at the SORA monitoring station that is located at the outlet of the
Rhone River, 47 km upstream from the mouth, and has been designed to monitor river
inputs into the Mediterranean Sea (Lepage et al., 2022). It is located on the “Grand Rhone”
branches where 90% of the water and sediment fluxes of the Rhone River are transiting,
while the remaining 10% transit through the “Petit Rhone” (Pont et al., 2002). Water intake

is performed on a floatable structure at 7 m from the bank and 0.5 m under the surface
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regardless the water discharge and continuously supplies the sampling devices (Lepage et

al., 2022).

The SPM are collected over a two-week to one-month period in PT, designed with the same
characteristics as described by Schulze et al. (2007), deep-frozen (-18°C), freeze-dried, and
finally homogenized by grinding in an agate mortar. SPM samples are stored in the dark and
at ambient temperature before analysis (Lepage et al., 2022). A total of 164 samples were

collected at SORA from 2007 to 2020 and A**C-POC was measured among 54 of them.

POC and Chlorophyll a are separately measured in SPM filtered in daily composite water
samples. Sampling is achieved using a cooled automatic water sampler that fills a daily bottle
with 150 mL every 90 minutes to constitute a composite sample each day (Eyrolle et al.,
2020). The sampling frequency is reduced to every 30 minutes to constitute a composite
sample every 4 hours when water discharge is greater than 3000 m® s™. Samples are
poisoned with HgCl, and kept at 5°C until they are filtered on a 0.7 Whatman pre-
conditioned glass fiber filters GF/F (dried at 500°C for 4 hours). The samples are then frozen,
respectively, until laboratory analysis (Lepage et al., 2022). For tritium analysis, a few
millimeters of water is collected per 80 minutes to obtain a monthly composite sample.

Water is then filtered through 0.22 um GF/F before analysis (Eyrolle et al., 2020).

2.3. Principal Component Analysis (PCA) and Cluster Analysis (CA)

2.3.1. Input data
With the perspective to trigger all hydrologic regimes occurring on the Rhone according to
the literature, the water discharges (Q) of the five main tributaries (Sabne, Isére, Ardéche,

Durance and Gardon rivers) as well as the measures conducted at the Jons monitoring

9
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station, considered as the reference station to evaluate water discharge from the Upper
Rhone River, were used to define the clusters (Figure 1). For those stations, daily averaged
water discharge data are continuously measured (Thollet et al., 2021) at the exception of the
Upper Rhone station (Jons) where Q is estimated from a 1D hydrodynamic model with water

discharges of upstream main tributaries as input data (Launay et al., 2019).

Mean water discharge values (Qmean) for each tributary and Jons monitoring stations were
estimated from the start to the end of each 164 PT samples and submitted in PCA. We
assumed that this is enough to characterized tributary hydrograph shapes for each period of

acquisition (Hannah et al., 2000, Ouyang et al., 2010).

In order to better interpret the results of the PCA and the clustering, hydrological data (Q
and Cspy) at the SORA station was also used so as the Cspy Of the tributary stations if
available. At SORA, daily averaged water discharge data are continuously measured (Thollet
et al., 2021) while the SPM concentration (Cspy) at SORA station is measured by time-
integrating weighing of daily automatic samples (AFNOR, 2005). At tributaries, averaged
daily Cspym is estimated from turbidity and Cspy rating curves with 10-minute frequency of
acquisition and monthly automatic water samples (Lepage et al., 2022). A mean value (Cspu-

mean) Was calculated for each PT sample.

2.3.2. PCA and CA algorithms

The PCA has been performed using R programming language including the R packages
“FactoMineR” for PCA (Husson et al., 2010), “e1071” (Meyer et al., 2021) and “fclust” for
fuzzy c-mean algorithms (Ferraro et al., 2019). The goal of PCA is to describe a data set using
a smaller number of uncorrelated variables, while retaining as much information (variance)

as possible. The reduction is achieved by transforming the data into a new set of continuous

10
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variables named the principal components. The reduction of dimensionality provides a
framework to visualize the Rhéne hydrology. The essential of the information being on the
first components (Husson et al., 2010), PCA is usually used as a pre-processing tool before

clustering analysis (Delaval et al., 2021).

Then, clustering algorithms such as c-mean algorithms (crisp or fuzzy) classify individuals
according to their variable similarities and allows to identify scenarios and trends in river
hydrology and hydrochemistry. This is done by randomly defining i centroids in the same
coordinate systems as the individuals. Each individual x (total of k) is assigned to the closest
centroid center C;.. The barycenter of each subgroup is then calculated and becomes the new
centroid. This procedure converges when the centroids are no longer moving. In addition,
the fuzzy alternative introduces two new parameters. The first one is the membership
coefficient. This membership represents how closely the k;, data object (xk) is located from
the iy, Cluster center. Membership score indicates the degree (in %) to which a sample
belongs to each cluster. Each sample is assigned to the cluster with the highest membership

among the others.

The second parameter m is the fuzzifier. It is greater than 1 and usually dependent on the
dataset structure because it represents the degree of overlap of the clusters (Klawonn and
Hoppner, 2003). When m is close to one, the solution of the fuzzy c-means algorithm is
similar to the one of c-means. Elements are simply assigned to only the nearest cluster and
membership to other clusters is nearly existent. When m is large, fuzziness is also large and
clusters are blurred which can be a more accurate description of the system. More details

about c-mean algorithms are provided in Bezdek et al., (1988).

11
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The best combination of {C, m} parameters is not determined by the algorithm. One
approach is to run different simulations with different {C,m} pairs and to check the efficiency
of clustering with a quality criteria (Ramze Rezaee et al., 1998). River hydrology related to
clustering studies have a number of clusters falling in the interval [2,8] (Delaval et al., 2021;
Javed et al., 2021; Ouyang et al., 2010). Our number of A**C-POC observations being limited
(n=54), we are expecting 8 clusters at most (Chaimontree et al., 2010) and we will set the

test interval for the number of clusters to [2,8].

The fuzzifier m can be in theory any real number between 1 and e=. m is usually set to 2 by
default but can be any real number between 1 and o= usually decreasing with dataset size
(Klawonn and Hoppner, 2003). In our tests, we will take 1 as the lower limit for m. The upper
limit is m=3 according to the empirical threshold equation based on the length and
dimensions of the dataset proposed by Schwammle and Jensen (2010). As a result, we will
perform clustering on the interval [2,8] for C, the number of clusters and on the interval ]1,3]

for m the fuzzifier.

2.4. Analyses

2.4.1. Carbon-14 measurement

The **C measurement in SPM are performed using a 3 MV NEC PELLOTRON Accelerator Mass
Spectrometry (Artemis AMS facility, Dumoulin et al., 2017). Briefly, SPM samples are firstly
decarbonated with 0.5 M HCI, placed in Pyrex sealed tubes and calcined (850°C for 5 hours).
CO, is collected into a glass line under vacuum (< 10™ mbar) and cryogenically trapped via
liquid nitrogen. The sample CO, is reduced with hydrogen and iron powder as a catalyser
following the protocol of Voegel et al., (1984) and pressed into an aluminium cathode (1 mm

hole diameter) to form a graphite target.

12
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In the AMS, the target is submitted to high bombing with Caesium sputter ion sources and
sequentially sent, through a 90° magnet, to an accelerator tube. Here, Carbon isotopes are
stripped in an argon gas and distinguished through a 45° analyser according to their weight.

14C ions are counted in an ionization chambers (Cottereau et al., 2007).

After AMS counting, the **C/**C ratio R is normalized (Rn) to a 8*3C of —25%. in order to take
into account carbon isotopic fractionation (Stuiver and Polach, 1977) . A 1950 standard Rs
(i.e., oxalic acid I, a crop of sugar beet) is also incorporated in the sample batch and
normalized as Rsn. Following Stuiver and Polach (1977) formulation, A'C is privileged in
order to take into account radiodecay (Equation 1) with y, the year of measurement and the

Godwin’s mean life (8267) estimated from soil and water samples (Godwin et al., 1962).

y—1950
A4 C = (R—“ « el'5267) — 1) x1 000 Equation 1

sn

Carbon, after the 1950 standard, has a A*C up to 0 %o and could integrate the contribution
of anthropogenic sources such as the effects of thermonuclear weapon tests (1945-1990) or
releases of nuclear industries. Values reaching -1000%. are linked to material old of up

50 000 years BP (Trumbore et al., 2016).

2.4.2. Particulate nutrient and tritium analyses

The POC concentration measurements were carried out at the Mediterranean Institute of
Oceanography (M.l.O.) and were performed on daily decarbonated SPM by using high
combustion procedure (950°C) on a Carbon Nitrogen (CN) Integra mass spectrometer
(serCon Ltd, Crewe, UK) as described in Raimbault et al. (2008). Chlorophyll a measurement

is conducted through fluorimetry methodology after its extraction with methanol according

13
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to Raimbault et al. (2004). Tritium analyses (Bq I™!) were carried out at the LMRE/IRSN by

liquid scintillation counting (AFNOR, 2015).

3. Results

3.1. Data description

The distributions of environmental data treated by CA are available in Dataset S1. The Qmean

and Cspm.mean histories are respectively presented in Figures 2.a. and 2.b. and AMc-POC

values in Figure
a. 4000
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Figure 2 - Distribution of a.) Qumean (n = 164), b.) Cspm-mean (N = 163) and c.) AYc-POC values (n =54) over the

2007-2020 period.
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During the whole 2007-2020 period, for all 164 samples, Qmean, at Arles varied between 558
and 3668 m>s? (mean=1 565 m> s'l,s.d. =687 m> s'l) while Cspm-mean Varied between 2.9 mg
1! and 879.7 mg I (mean= 68.3 mg I, s.d. = 117.4 mg I'!). A¥™C-POC signatures are ranged
from -742 to 699 %o (mean = -84.5 %o, s.d. = 346 %o.). The signatures are unequally
distributed over the period (Figure 2.c.) because AC-POC analyses in SPM have been

continuously performed since 2014 despite some exceptional measurements performed

around 2009 and 2012 (Eyrolle et al., 2018).

The average POC content in SPM (%POC) is estimated between 1.03% and 10.37% (mean=
3.95 %, s.d. = 1.73 %). The average chlorophyll a content in POC (%Chl.a) is varying between
0.01% and 2.15 % (mean = 0.34 %, s.d. = 0.42 %), while tritium concentrations in water

between 0.4 and 20.7 Bq I (mean = 6.1 Bq I™).

3.2. Principal Component Analysis

The PCA transformed the variables (mean Q for the five tributaries and Jons) into six vectors

(Figures 3a and b).
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Figure 3 — Principal component analyses 1 and 2 of the dataset. The PCA were conducted on the mean of the
water discharge of the five main tributaries of the Rhone River (Sadne, Isére, Ardeche, Gardon and Durance

rivers) and the station of Jons that monitors the Upper Rhone River. Clusters are highlighted by colours.

The F1 axis explains 43.2 % of the variance of the dataset and all tributary vectors are
oriented toward the right side of the PCA. The F2 axis, explaining 31.4% of the variance,
distinguishes, from the top to the bottom, southern tributaries (Ardeche, Gardon and
Durance rivers) and northern ones (Sadne, Isere and Upper Rhoéne rivers) (Figure 3.a.).
Through the F1 x F2 axis configuration (PCA1), the observations are concentrated around the
0 axis on the left side of F2 while they are scattered on the right side. Through the F2 x F3
axis (14.2% of the variance) configuration (PCA2), the Iseére and Durance vectors are located
on the top side of the PCA whereas other vectors are located on the bottom side. As
observed for PCA1, Ardéche and Gardon vectors are grouped. The F4 axis explains 6.6 % of
the variability and separates Durance and Saéne rivers from other tributaries (Suplementary
information, Figure S1). Through F3 x F4 axis configuration (PCA3), samples are centred and
staggered across the F4 axis.
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3.3. Cluster number assessment

The fuzzy clustering was performed with the first four components of the PCA in order to
cumulate an explained variance of up to 95 % (Figure S2). The performances were estimated
through Xie and Beni index (XB) (to minimize) according to different {C,m} simulations (Table
S1). The five-cluster configuration showed the lowest score (m = 13, XB = 0.296) and will be

retained for the remainder of this work.

3.4. Hydrodynamic distribution for each cluster

Respectively, 12.1 %, 20.1 %, 11.6 %, 31.2 % and 25.0 % of Qmean are distributed among
clusters 1, 2, 3, 4 and 5. The Qmean and Cspm-mean distributions at Arles, Jons and tributaries
are respectively available in Tables S2 and S3. In both PCA1 and PCA2, Cluster 1 includes
Ardéche and Gardon vectors (Figures 3a and 3b). For clusters 2 and 3, the results are
contrasted. In PCA1, Cluster 2 integrates the three northern stations while in PCA2 the Isere
vector is excluded. For Cluster 3, only the Isére vector is included in PCA2 while the Sabne
vector is included in PCA1. Finally, in both configurations, the Durance vector is located

between clusters 1 and 3.

Clusters 1, 2 and 3 are characterized by a maximum Qmean above the daily flood threshold at
Arles (3000 m® s™) with high standard deviations (up to 400 m>s™?). For clusters 1 and 3,
similar results were observed for the Cspym-mean With average concentrations close to 200 mg I’
1 at Arles and high values in the Ardeche (mean Cspymean = 27 mg I'l), Durance (mean Cspp-
mean = 661 mg I'l) and Gardon (mean Cspm-mean = 58 mg I’l) rivers for Cluster 1 and Isére (mean

CsPM-mean = 333 mg I'l) and Durance (mean Cspvmean = 498 mg I'l) rivers for Cluster 3. For
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Cluster 2, while the Csppmean Observed at Arles (mean Csppmean = 77 mg I'l) are lower than

clusters 1 and 3 (mean Csppmean > 150 mg I'l).

Located on the left side of the PCA1, Cluster 4 presents lowest values of Qumnean With a mean
at Arles of 849 m3.s. Cluster 4 is also characterized by the lowest Cspmmean at Arles and for
all tributaries. Cluster 5 is centred between F1 and F2 with a predominance of the Isére and
Durance rivers (Figure 3b) and also of the Sadne River but their discharges remain lower
than those observed in clusters 2 and 3. Cluster 5 presents moderate Cspm.mean at Arles
(mean= 33 mg I?) with low variability and moderate increases of the Durance and Isére

rivers Cspm-mean (77 and 54 mg It respectively).

Percentages of occurrence for calendar months are presented in Figure 4. The samples for
Cluster 1 are generally centred in from October to December (maximum of 47%), February
(25%) and March (23%). Cluster 2 samples are mainly centred from December to April
(maximum of 67%). Cluster 3 is mainly observed from April to June (up to 46%). Cluster 4
samples are generally observed from July to November (up to 85%). Finally, Cluster 5 mainly

occurs from March to August with a peak in July (58%).
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Figure 4—Inter-annual occurrences of each clusteramongthe 164 samples. Flood delimitations were estimated from Delile

etal., 2020.

3.5. A" C-POC distribution among the clusters

Distribution of A*C-POC among the clusters are presented in Figure 5 where each value was
associated to the cluster with the highest contribution (Figure 6). While A**C-POC values
cover all hydrological events, the number of A*C-POC data is unequally distributed among

clusters (7, 7, 8, 12 and 20 respectively).
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equation 1).

Cluster 1, Cluster 2 and Cluster 3 include the lowest values with a median of -223, -367 and -
487%o. Cluster 2 includes the largest distribution of A**C-POC signatures from - 613 to 655 %o
while clusters 1 and 3 are concentrated between -614 and 142 %o and -742 and -40%o. Most
of the values of the Cluster 4 are above 0%o. with a median of 174 %o, excepted for three
negative values (-420, -354 and -185 %eo). The Cluster 5 is equally centred around 0%. with a

median of -24 %eo.

The dominant or attributed cluster in each sample is characterized by its membership degree
ranging from 25.8% to 84.6% (Figure 6). A few samples show a homogeneous cluster
membership score distribution highlighting that they could belong to another cluster than
the attributed one. For example, the sample with the highest AC-POC in Cluster 3 (-40%o)

presents membership degrees ranging from 13.3 to 26.7 %. Respectively 29%, 57%, 25%,
20
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3.6. Geochemistry distribution

The A*c-POC relationships with Csppmean, average %POC, %Chl.a and tritium concentrations,

among the 5 clusters, are presented in Figure 7 .

Overall, A™C-POC shows positive

relationships with %POC and a negative relationship with Csppmean- High AYC-POC are

correlated with high %Chl.a (up to 0.6 %) and high tritium concentrations (up to 5 Bq ™).

Cluster 1, 2 and 3 gather low %POC while clusters 4 and 5 present higher and more variable

records. Highest %POC, %Chl.a. and tritium records are observed for Cluster 4 and Cluster 5

and some exceptions in Cluster 2.
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4. Discussion

4.1. Characterisation of the clusters

4.1.1. PCA interpretation

The PCA1 made with time-integrated samples is similar to the one given by Sadaoui et al.,
(2016) with daily water discharge (Figure 3a). The F1 axis contains the information of water
discharge variation for all tributaries while F2 axis separates the northern tributaries from
the southern tributaries that have contrasted hydrologies in accordance with Pont et al.,
(2002). In PCA 2, F3 axis explains the temporal variability (spring vs autumn) and opposes
alpine tributary hydrology to other hydrologies (Figure 3b).

4.1.2. Cluster hydrodynamic characterisation

Despite the use of integrated samples (and associated hydrological data) in this study that
may aggregate several hydrological events, the five clusters defined are similar to the
hydrological classification of the Rhone River made from daily water discharge (Pont et al.,

2002, Sadaoui et al., 2016).

Cluster 1 is linked to southern tributary vectors (Figure 3a) and gathers southern flash-flood
events (Pont et al., 2012, Eyrolle et al., 2012, Delile et al., 2020). No distinction between
Cevenol and Mediterranean floods are proposed by the algorithm. The high standard
deviations of average Qmean and Cspmmean highlight sharp variabilities. In the literature,

southern events contribute the most on large export of SPM at the Rhone River scale. Eyrolle
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et al., (2012) or Copard et al., (2018) demonstrated that, the Durance River could contribute
to sediment load from < 1% to 80% during Mediterranean flood events. However, numerous
studies have also estimated sediment budgets using geochemical methods and agree on the

exceptional but non-negligible contribution of the Cevenol floods, that could occasionally

reach more than 40% (Ollivier et al., 2011; Radakovitch et al., 2008; Zebracki et al., 2015).

Cluster 2 gathers oceanic regime with Quean distribution at Arles occurring during winter and
the activation of the Saéne and Upper Rhoéne rivers. The contrast between average Csppmmean
and Qmean is explained by the main roles of these two tributaries as water suppliers. At the
interannual scale, their contribution on water fluxes reaches more than 60% while their
contribution in term of SPM (11 and 6 % respectively) are lower (Delile et al., 2020; Poulier

et al., 2019; Sadaoui et al., 2016).

Cluster 3 observations occur during the end of spring season (Figure 4) and gather nival
flood regime with net predominance of alpine rivers (Isere and Durance rivers) (Figure 3b).
Their contribution can exceed 80 % in water fluxes and over 100% in SPM fluxes (Delile et al.,

2020, Poulier et al., 2019).

Cluster 4 observations gather low-water level, during summer (Figure 4), with lowest Qmean
and Cspymmean. During such period, the production of autochthonous organic matter is

increased as observed with the increase of %POC and %Chl.a (Figure 4).

Cluster 5, located at the center of the PCA1 (Figure 3.a.), gathers baseflow regime with
medium Qmean and Cspmmean Values. It occurs over spring and summer seasons (Figure 4) and
the slight increases of Qmean and Cspmmean in the Durance and Isére rivers indicate nival
episodes that might happen during these periods. As for Cluster 4, high values of %POC and
%Chl.a indicate a production of autochthonous POC.
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4.2. Classification of A™C-POC

The AMC-POC depletion observed for clusters 1 and 3 confirms the main knowledge
presented in the literature about **C dynamic in the Rhone (Copard et al., 2018, Eyrolle et
al., 2018; Eyrolle et al., in review). Indeed, the increase of Cspvmean and the decrease of
%POC (Figure 7) confirm the organic matter dilution with particulate mineral fractions by the
weathering of carbonate rocks (Higueras et al., 2014). Then, rocks such as i) Black Marls,
composed bare Mesozoic Badlands located among the French alps arc (Graz et al., 2011) or
ii) Coal mines observed in slag heaps of Cevennes or mining operation sites in Brianconnais
area of Alps, containing high contents of organic matter old of up 50 000 years BP. Because
they are characterized by low vegetation density and violent hydroclimatic conditions, they
could be considered as main sediment hotspots and could release consequent amount of
organic matter (Eyrolle et al., in review). However, their contribution in sediment budget at
the Rhoéne scale still poorly documented, excepted for the Durance River (Copard et al.,
2018). Another source of such **C-depleted material might be the remobilisation of aging

sediment POC trapped in flood plain across the main network (e.g., Leithold et al., 2016).

The case of Cluster 2 is different as the oceanic floods (Saéne and Upper Rhone rivers) are
characterized by a low level of Cspvmean. The range of AYC-POC values and their disparity
around O (Figure 5) can be explained by the fact that the SPM sampled for the measurement
of A™C-POC do not specifically come from these two tributaries. Since the samples are
integrated over a period of about one month, they are very sensitive to floods that generate

a lot of material or to anthropogenic inputs (e.g., dam flushing).

Cluster 4 and Cluster 5 present more enriched A*C-POC (Figure 5), displaying a privileged

autochthonous origin, related to high %Chl.a, for positive signatures (after 1950) showing
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aquatic plants development preferentially higher when water flow and turbidity are low
(Figure 7) (Higueras et al., 2014). High tritium concentrations, combined to high A**C-POC
values in clusters 4 and 5 might be related to the releases from the nuclear facilities (Figure
7). At the outlet of the Rhone River, the possibility of nuclear release increasing A**C-POC is
significant when %Chl.a is high suggesting a contamination of POC when primary
productivity is important. Several studies have highlighted that *C is released as dissolved
inorganic forms (DIC) because of oxidation processes applied in effluents before releases
(e.g., Kang et al.,, 2019) and it could integrate POC through photosynthesis. However
additional investigations might be conducted as the sampling methods were not the same

for these two parameters and could lead to bias in the interpretation.

4.3. Relevance of Cluster analyses for classification of A™C-POC signatures.

Figure 6 displays the complexity of hydrological classification of time-integrated sampling as
a few samples are characterized by a mixture of clusters including several hydrological
events and A C-POC signatures including different origins. Moreover, for the outliers (Figure
5), the relationship between the cluster classification and the A*C-POC values is complex to
explain and requires looking at the hydrograph during the sampling periods. For example,
southern quick flood events have been registered in samples of low-water level related
clusters (4 and 5) with depleted values of A™C-POC. For Cluster 1, the positive value of A*C-
POC is observed in a sample with a southern flash flood occurring at the beginning of the
sampling period but followed by a low-water level period favourable of A'*C-artificial POC.
Cluster 1 samples also have consequent appurtenances to clusters 2 and 3. The sum of the
membership degrees for the flood-related clusters (1, 2 and 3) is always higher than 58% and
highlights that i) northern floods could also simultaneously occur than southern floods in

autumn and ii) some southern floods could be observed during spring season as the same
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time than nival flood events (Figure 4). The complex relationship of Cluster 2 with A*C-POC
values is due to the low Cgspy load of the Sadbne and Upper Rhone river floods and the
consequent sensitivity to other events such as the Durance river floods or industrial
discharges. The main solution to reduce the disparity of the values would have been to use
the flux of SPM instead of the water discharge as the input data to determine the clusters.
Therefore, this would improve the classification of A*C-POC values measured on SPM.
Unfortunately, such data was not available from all the tributaries and for the entire period
of study (starting since 2011), while clustering using water discharge was already commonly
used (Delaval et al., 2021). Finally, samples in the Cluster 5 seem to be a mix between the
Cluster 4 (low-water level cluster) and the flood-related clusters (1, 2 and 3). For this cluster,
centred in the PCA (Figure 3), the absence of relationship with the A*C-POC values is directly

related to the complexity to categorize samples collected during baseflow.

5. Conclusion

This study presents a first classification of time-integrated samples by clustering approach
according to the Rhone hydrology. Principal Component Analysis (PCA) followed by fuzzy-C
mean Cluster Analysis have been performed using time average of Q among the five major
water tributaries and the Upper Rhéne River monitored at Jons. We used A**C-POC data
collected in Particle Traps (PT) over a two-week to one-month sampling period as a
candidate to validate the classification. The classification exhibited 5 groups of hydrology
similar to that described in the literature: southern floods with Mediterranean and Cevenol
hydrologies confounded (Cluster 1), northern oceanic pluvial floods (Cluster 2), nival floods
(Cluster 3), but also baseflows (Cluster 5) and low-water levels (Cluster 4). Overall, A¥*C-POC

distribution in time-integrated sample confirms the clustering classification according to
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flood-related, baseflow and low-water level clusters. High A**C-POC signatures, correlated to
high tritium concentrations, are observed in clusters 4 and 5, incorporating nuclear releases,
and are opposed against depleted signatures occurring during flood events observed in
clusters 1 and 3 because of the A*C-depleted material mobilisation from tributaries (e.g.,
black marls). The A™C-POC outliers observed at each cluster show the sensitivity of PT
samples to short events remobilising high sedimentary material or nuclear releases during a
long sampling period especially for clusters 2 and 4. Furthermore, the overlaps of different
events making difficult the Cluster Analysis to attribute the origins of A**C-POC especially for
flood clusters. Indeed, homogenous distribution of membership scores at some samples in
clusters 1 to 3 shows a mixture of contrasted flood events over the sampling period. Because
Cluster 5 is a mix of flood and low-water level events, some A**C-POC values are incorrectly
attributed here. If this method of classification with Qmean Showed pertinent results for A*C-
POC, applying SPM fluxes would improve the CA abilities to classify A**C-POC according to
the Rhone River hydrology. For this purpose, other signatures are expected for the coming

years.
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