10

15

20

25

Will rivers become more intermittent in France? Learning from an
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Abstract

This study aims to assess the changes in the interngttérmiver flows across France in the context of climate change.
Projectiors of flow intermittence are derived from the results of the Explore2 project, which is the latest national study that
proposes wide range of potential hydrological futures for th& @dntury. The multmodel approach developed within the
Explore2 project enalddo characterize uncertainties in future flow intermittence. Combined with discrete observations of
flow states, hydrlogical projections are pegrocessed to compute the daily probability of flow intermittg(iRé=1) on each
element of the partition of Franceltydro-EcoRegiongHER?2).

The postprocessing consista calibrating logistic regressions between the historical flow states datienal LowFlow
Observatory(ONDE) network and the flow data simulated by the hydrological models involved in Exploredth the
SAFRAN atmosphericeanalysis as inputs. Aftealibration, these regressions are used to project@Bllfor theentire21%

century, based on flow simulations from figdrological modelsiriven by up to 17 climate projections under RCP 2.6, 4.5,
and 8.5 climate change scenarios.

The results showyood agreement among thedrological modelsegarding the increase in flow intermittenmder RCP 4.5

and 8.5. Therojected increase mean dailyPFI between July and Octobas well aghe shiftof the first and last days when

PFI exceeds 28 both suggest a gradual intensification and extension of dry spells throughout the century. The southern
regions of France are likely to experience greater increases in runoff intermittenthe northern regionandmountainous
regions such as the Alps ana tRyrenees are likely to experience changes indlggamics ointermittence with a reduction

of winter intermittence and the apparition or increase of summer intermittencendéntaintyof these projected changiss

larger in northern France due to greater intermodel variability in this region.

1 Introduction

Intermittent Rivers and Ephemeral Streams (IRES) are watercourses characterized by the absence of contirmme year

water flow (Sefton et al., 2019). While water management practiaa exacerbate flow intermittence by altering runoff
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patterns, climatic factors particularly aridity- remain the primary determinants of these systems (Addor et al., 2018;
Hammondand Fleming 2021; Sauquet et al., 2021; Zipper et al., 2021). In teterades, climate change has intensified
these dynamics, significantly impacting the global water cgtletimer precipitations tend to decrease raiag temperatures

have increased evapotranspiration and driven more frequent heatwaves (Douvilk®d2ial.These changes have led to more
severe lowflow periods and more frequent and widespread dry spells in Western Europe (Delso et al., 2017; Tramblay et al.,
2020; VicenteSerrano et al., 2020Meanwhile, IRES play a critical role as interfaces betweterrestrial and aquatic
ecosystems. Altered patterns of flow interruption thereforecompromise water quantity and quality in downstream
perennial rivers, increase extinction risks for specialized spemgidsdisrupt organic matter, nutrient, andiseent cycles
(Bertassello et al., 2022; Gallart et al., 2012; Giezendanner et al., 2021; Finn et al., 2011; Meyer et al., 2007; Satemejan
al., 2017; Larned et al., 2010). Hencdyedter understanding of IRES behaviours and their interaction wigmmial streams

is needed to assess the impacts of ongoing and future changes on river ecosystems (Doll and Schmied, 2012; Jaeger et

2014; Pumo et al., 2016; Leigh and Datry, 2017), and to address water management challenges (Acufia et al., 2014).

Globally, IRES account for nearly twihirds of river networks (Schneider et al., 2017; Messager et al., 2021), with this
proportion reaching 39% in France (Snelder et al., 2013). Their spatial and temporal dynamics can be characterized usin
conceptual modelsf network contraction (Shaw et al., 2017; Botter and Durighetto, 2020) or througlt@areptual and
machine learning frameworks that integrate hydroclimatic and physiographic factors (Lapides et al., 2021; Durighetto et al.,
2022). The strongest prettics of flow intermittence are aridity indices (Vicei8errano et al., 2019 ; Jaeger et al., 2019).
However, local variations in permeability, lithology and topography also influence intermittence patterns in specific regions
including West Africa (Yu eal., 2018; Belemtougri et al., 2021), northern Spain (GonZ@&eras and Barquin, 2017) and
northwestern Australia (Bourke et al., 2021). Studying intermittence at a largthecafererequires considering the diversity

of hydrological processesat play, particularly when multiple watersheds exhibit diverse sensitivities to hydroclimatic
conditions. This variability highlights the need for robust methodologies desasintermittence at national ¢semt
)continental scales (Addor et al., 2018; Harmehand Fleming2021;Sandcet al., 2022; Dol et al., 2024).

Understanding the drivers of river intermittence is also crucial for analysing historical trends and projecting futusarchange
IRES behaviourClimate change has already expanded the spatislemporal extent of intermittent flows worldwide (Zipper

et al., 2021; Jaeger et al., 2019; Sando et al., 2022; Gudmundsson et al.a2021 Mediterranean basin is particularly
affected (Tramblay et al., 2020; De Girolamo et al., 2022). Howauerpreting climate projections and emission scenarios
at the scale of headwater basins remains rare (Schneider et al., 186&8), nany climate models havecoarse spatial
resolutionand high uncertaintiesmerge frommulti-model ensembles (MMES), vdih makesaccurate predictions of future
IRES changes difficult.
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To address these challenges, France has implemented the Explore2 project
(https://entrepot.recherche.data.gouv.fr/dataverse/explore2; Sauquet et al., ithptesgs a mulkimodel, multiscenario
approach to simulate hydrological conditions throughout for the 21st century. It assesses uncertainties at each step of th
modelling process. However, the resolution of the climate projections involved in Explore2 is too coarse to accutately cap
IRES dynamicsHence, his study extendthe resultof Explore2for purposes ofienerating flow intermittence projections

for French headwater strean¥® this end, w follow a statistical approach that estimates the daily Probability of Flow
Intermittence PFI) in small streams based on streamflow dataulated by Explore2 fdarger perennial rivers. Thestimated

PFI serves as a proxy indicator for the intensity and duration of dry periods. The method is calibrated using field observations
carried out regularly at more than 3200 upstream river sites prone to drying.

To achieve this, the presembrk builds on two key studies: Beaufort et al. (2018), which demonstrated consistent performance
of PFI estimationacross the heterogeneous climatérance using daily discharge, and Sauquet et al. (2021), which projected
PFI under a limited set of climate projections with coarse spatial resoliticontrast, his study incorpates a finer spatial
resolution,a broader range aflimate scenari® and a wider variety diydrologicalmodels thanks to the integration of
Explore2projections. Itthereforeaddresses a critical research gap by generating projections of small stream intermittence

across Francandthroughout the Zlcentury whilequartifying the associatedncertainties.

Theremainder of th@aper is organized into five sections. The data used are outlined in the second section. Section 3 describe:
the statistical method linkinBFI to hydrological projections. Section 4 presentsréseilts, which focus on the mean daily
PFI between July and OctobenPFl.10) and the median of the first and last days (respectiVébndTIl) whenPFI exceeds

20%. Finally, Section 5 discusses these results and Section 6 concludes the study.

2 Data
2.1 Monitoring river flow intermittence

The French Biodiversity Office (OFBittps://ofb.gouv.fiy initiatedin 2012the National LowFlow Observatory (ONDE) to

gain a better understanding of low flows and intermittent rivers. ONDE is a stream intermittence monitoring network
comprising 3248 observation sites strategically distributed across the French river netivahewaitm of characterizing the
occurrence and the intensity of summer @dpflows (Nowakand Durozai2012) The network has been designed to focus on
streams with a Strahler order ranging from 1 to 4, which are prone to natural and/or anthropogeriiteittéow conditions.

Most sites (85%) are located @ins mstreaméwi t h a dr ai n & %6 aee simaed ah stte@nts wikhma Strahler
indexoflorzand 20% of the sites ?(ApmendxFgGHandGB)nage area O 10 kn
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A keyfeature of the ONDE network is that it involves the flow state of watercourses, which results from the visual inspection
of streams by OFB observers at each location, instead of a-4xs®a measurement of flow rates. In the present study, two
binary caggories are defined for ONDE observations: (1) "visible flows" and (2) "dry conditions", which gathasibts

flows (standing water in isolated pools) and totally dry conditions (dry riveabednear the ONDE sité)Ve use only data
fromregularangdt ruct ured field campaigns (referred to as hdiusua
ONDE sites are monitored systematically in mainland France around the 25th day of each month from May to September
Here we use ONDHata from 2012 t@022 for model calibration and evaluation.

Based on ONDE datéhe¢ PFl is defined as the proportion sinallstreams under drying conditionstiaeregional scale. It is
used as a proxindicator forthe intensity and duration of dry period®ngterm analysis of thePFI characterises the spatial

and temporalrends of drought across regions and provigggable informatiorabout IRES intermittendaehaviour

2.2 Delineating areas with homogeneous hydrological behaviour: the Hyd##ecoRegions

Hydro-EcoRegions (HER) are spatially homogeneous areas defined over France based on natural drivers involved in rive
ecosystem functioning, such as geology, topography, and climate. There are @H&RI(HER?2) across France, and they

are derived fronthe subdivision of 22 levell HER (HER1)(Wasson et al., 2002)vhich were used in the previous study

about the impact of climate change BRI in France (Sauquett al, 2021). In contrast, the present study investigates flow
intermittence at the scald BIER2 regions in order to mod@FI at a higher spatial resolution. The statistical approach
developed hereafter requirssfficient observations of flow states for calibration purposes s 3.1), which led us to

perform five groupings of HER2 in der to ensure that enough observations are available for model calibration. When merging
HER2 regions we checked that they belonged to the samelledEIR to ensure that they share similar environmental
characteristics at the large scale. In the endrtétipa of France into 75 entities (HER2 or pool of HER2) was considered for

this study (Fig. 1).

These75 HER2shavea median surface area of 4990 kam&l more than 20% (17/75) have a surface area greater than 10000
kmz2. The HER2s were the subject of DH field campaigns from May to September between 2012 and 2022, thus resulting

in 4125 campaigns. A total of 78 campaigns are excluded from the analysis due to their failure to cover more than 75% of the
monitoring stations within a given HER2. Thus, tla¢adexclusion rate from the ONDE network is less than 2%, leaving 4047

field campaigns with usable data.
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Figure 1: Delineation of level 2 HydreEcoRegions (HER2) across France. The four HER2 that are used for illustration in this study
are highlighted in purple (seeSect.3.7).

2.3Future hydrological projections over France: the Explore2 project

The assessment ofi@nges in th®FI over the 21 centuryis based on the large set of hydrological projections produced by
the Explore2 project (Sauquet et al., in prep). The daily discharge projections were obtained at about 4000 simulation point
distributed along the French river network, with a constraint emtimimum drainage area imposed by the spatial resolution

of climate projections (64 km?) and another constraint of an even coverage across France.

Explore2 is a multimodel simulation experiment involving nine different hydrological models, but sotherofare restricted

to regional applicationén average each simulation point has discharge projections simulated ydoological models
Finally, with the objective of predicting flow intermittence at the national scale, we select the five mitdaleviargest
simulation domain: CTRIFDecharme et al., 2019pRSD(De Lavenne et al., 201,6J2000Morel et al., 2023)ORCHIDEE
(Huang et al., 2024)and SMASH(JayAllemand et al., 2020)The Explore2 project considers only natural flows, although
some of thehydrological modelsnvolved in the project have the capability of including husratuced influences. The
evaluationof hydrological modelsvas performed using an extended dataset ofmiéstine catchmentStrohmenger et al.,
2023) The sinulations used for model evaluation weaaried out for the period 197822 using the French nesurface

SAFRAN meteorological reanalys{¥idal et al. 2010)s input. In addition, thRydrological modelsncluded in Explore2
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have been evaluated on themmmon period of availability 1978019 (Sauquett al, in prep). After validation, the
hydrological modelsre forced by an ensemble dataterivedfrom 17 pairs of Global and Regional Climate Models (GCM
RCM) corrected by the statistical adjustment mdtADAMONT (Verfaillie et al., 2018jor both historical (197€004) and
future climate scenarios RCP 2.6, 4.5 and 8.5 (ZII®; Appendix Sect. A). In the end, sledbiascorrected climate
projections were used as inputs for the hydrological modil$7 GCM-RCM projections are usathderRCP8.5 scenarjo
whereaslO of these projectiorare usedinderRCP2.6and9 underRCP4.5 The baseline period is set to 192@05 and used
thereafter for analysing changes in IRES behaviour. Overall, the hydrolpgijattions used thereafter to predd&tl result
from combinations RGIECM-RCM-Hydrological Model

3 Modelling framework
3.1 Linking intermittence to stream discharge at the HER2 scale

The empirical method suggested by Beaufort et al. (2888 (4)) is @plied here to estimate the Probability of Flow
Intermittence PFI) at the scale of HER2 regionBhis method followsa two-step process thdihks observed flow staseat
ONDE sites to dailgtreanflows (eithergauged or modellgdising logistic regressi

First, observatios from ONDE sitesare used to determine the percentage of sitesfwdhr y ¢ o fordeachHER2n(Q 0
and each campaign daf@ (Flow intermittence evolves over relatively long time scaléth) seasonal transitions between
flowing and dry states occurring gradually withire year, except in cases of significant rainfalentsthat can temporarily
triggerflow conditions.Given thisinertia the estimation of flow intermittence remains appriate even if not alliteswithin

a HER2 are monitored on the exact same day, avithift ofonly a few days dring a given campaigffo furtherensurethe
temporal consistency across campaitpesnonitoring is systematically conducted at fixed sitegldata from a given ONDE
campaignand HERZ2are only considered if at least 75% of the ONDE sites witiknHER2 are monitored during the
campaignThis approachminimizes potential biases associated with incomplete observaimhsnsures that theercentage
of dry ONDE siteseferred hereafter as "O"(Q can beconsidered representative of fEl.

Subsequently, a logistic regression model is calibrated for each HER2 in olid&rtt@ PFI values for dayQo streamflow
conditions(Eq. (), Fig. 2:

- - 2 2 2
IINOXEY) , Q)

o) o} o]
wheref 4 andf 4 are respectively the logistic regression intercept and slope coefficient associatethewith
predictor'O,
The model uses the mean rexceedance frequencies of dischdfgg "Qaspredictor ford "O'M (Eq. (2)).FoHeraniS

regarded as a proxy characteristhgcurrent wet versus dry hydrological conditions at thgamal scalelt is derived from
the nonrexceedance frequency cusvef streamswhich describethe probabilitythata given dischargealue isnot exceeded.
For each specific’® corresponding to an ONDE field campaign and each HE®2tlfe daily empial norexceedance
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frequencies of discharge are spatially averaged over all availateams whose drainage areas intersect the HER2 of interest
(weighted by their drainage area) and temporally averaged over the periqiffiQ This severday windowallows the
inclusionof nonsimultaneous response times causedhdtgrogeneoupropagation times in the underground and the river
network (the choice for a seveiay window is the result of an optimisation process, see App&edt. B)In the end; O,

is defined by:

0o, Q@ —B B O i (2
where’O (i representthe nonexceedance frequenofeach strearh among theé streams whose drainage areas intersect
the HERZQThis frequency isveightedby the drainage area of streaniThe summation is computed overch dayQwithin

the 'Q @rfQperiodaroundcampaignQ

Once calibratedthe logistic regressionare used to convert the hydrological projections from the Explore2 proje@Hhto

projections.
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Figure 2: Schematic view of the approach adapted to derive the regional Probability of Flow Intermittenc®Fl) from ONDE sites
using daily flows either gauged or modelledwithin a given HER2. The daily flows simulated by Explore2at three simulation points
generateflow time series (column 1) and thig corresponding non-exceedancdrequency curves (column 2).A logistic regressionis
then used to linkdaily flows to ONDE observations as illustrated here for thecampaign of Septenber 25, 2012 For this campaign,
daily discharge valuessimulated between September 18 and September,Z812 are extracted for each simulation pointwhose
drainage area intersecs the HER2. Thesesevenflow values arematched to their respective non-exceedancerequency using the
non-exceedancegrequency curve. The mean non-exceedancdrequency across all simulation points is then associatedwith the
proportion of ONDE sites exhibiting i d r y ¢ o nddring thi©carspaign (observedPFI, column 3). The logistic regression is
calibrated using data from all ONDE campaigns Once calibrated,these models allow for the conversion of daildischarge time
series intodaily PFI time seriesfor the HER2 (column 4).

3.2 Calibrating PFI logistic regression models using observed daily discharge data

Logistic regression models are preliminarily fitted between 2012 and 2022 using observed discharge dath. discharge
data used in the calculation B§ neronWere compiled using gaugjnstation records from the French reference hydrologic
network HydroPortai(Leleu et al., 2014jwww.hydro.eaufrance Jr The set of gauging stations were selected on the basis of

three different criteria:
- Dalily discharge data must be available during the ONDE field campaigns, i.e., withi¥rl€hg-[iO] interval centred
on 25th of each month from May to September, for the years 2012 to 2022.
- The human disturbance to flow must be minimal at the gaugingrstatio
- All selected gauging stations must have a drainage area of less than 2000 km2. Large gauged basins with a hig
Strahler order have been discarded since they are unlikely to behave in the samsmallsagams.
This selection process results inrgaf dataset including 1008 stations (Fig. 3). Tibe-exceedancéequencycurve of each
gauging station is computed using its entire available discharge time =aiing to variations in the time periods covered
by the discharge data across statidieverthelesslimiting the analysis to the period 202022 would likely exclude critical
information on hydrological extremes and fail to fully capture the variability of high and low flow events, which are pivotal

for under st andi nuingaxtrene goaditions. behavi our d

3.3 Assessing the performance &FI logistic regression models under current climate

Several crossalidation schemes are then considered to test the robustness of these models.oAelgaaeout cross
validation is first caiied out by excluding one year at a time from the training dataset, learning from the data of the remaining
years and then making estimations for the excluded year. The robustness under different climate conditions is also assess
through differential splisample test (DSSTDakhlaouiet al, 2017), which is a #old crossvalidation performed on three

distinct groups of hydrological years categorized as dry, intermediate, or wet (Appendix Sect. C). The years are diécriminate
according to the aridity indef@@arrow, 1992) which is one on thenain drivers of flow intermittete at the global scale
(Sauquett al, 2021).

The model performance is assessed using several skill scores: the bias (to detect underestimation or overestimation), the me

absolute error (MAE, to quantify the magnitudgpoddiction errors), and the repteansquare error (RMSE, which provides

8
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a quadratic estimation that assigns relatively higher weight to large errors). Additionally, th8Meliffe model efficiency

220 coefficient (NSE) is computed to compare the variaridke estimation error to the variance of the observed time ¢&deh
and Sutcliffe, 1970)The KlingGupta Efficiency (KGE) complements the NSE metric as KGE is the Euclidean distance
between observed and estimaidel, computed using the coordinatgsbias, standard deviation, and correlati@upta et

al., 2009) The Leave One Year Out analysis results are obtained by averaging the validation metrics computed for each year

3.4 Selecthg simulation points for PFI projections under climate change

225 The modelling framework suggested by (Beaufort et2018; Sauquett al, 2021) was applied to the 75 HER2s under
regional climate projections to assess the potential impact of climate change on flow intermittence dynamics.
Discharge data derived from tE&plore2 database are used as input for the logistic regression models introduced if.Sect. 3
However, not all the stations in the HydroPortail database have been simulatedhynyrtih@gical modelsTo overcome this
co-location problem, the choide made to identify the simulation points closest to the 1008 gauging stations selected for the
230 diagnosis inSect 3.2 (Fig. 3). The conditions of the application experiment are thus similar to the ones of the diagnostic
experiment. A constrains applied toensure that no simulation poistassigned multiple times, unless thixao alternative
point within a 50 km distance from the gauging station (Appendix Sect. D). This selsatiagle independently for each
hydrological model. Only 483 poingse asgned for the J2000 model because this model simulates streamflow only for the

Loire and Rhone river basins.
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Figure 3: Location of the 3302 ONDE sites, the 1008 gauging stations selected from the HydroPortail database, and the Explore
simulation points selected foiGRSD and J200thydrological model(line 1). The maps on the second line show the ratio between the
sum of the catchment areas defined by the gauging stations or the simulation points and the surface area of the HER2 theyrsett
(line 2). These catchment areas may overlap and their sums are computed withaansideringtheir spatial distribution. The maps

on the third line show the density of gauging stations or simulation points (line 3)The same results are available fothe other
hydrological modelsin Appendix Sect. E

3.5 Constructing synthetic nonexceedancdrequency curves for PFI projections

In our framework, on-exceedancéequencycurvesmust be computed faach simulation pointrior to PFI estimation To
avoid problems of extrapolatingonexceedance frequenof dischargevalues outside the range loistorical flows when
performingPFI projection under changing climatee decided to build synthetic flow time series with a period length of 169
yearsthat combine the historicalischarge data simulated with SAFRAN over the period 48Y® with discharge data
simulated by the different adelling chains RCESCM-RCM-Hydrological Model over the period 1978100. This
concatenatioms made independently for each modelling cheiilsimulation pointAs a consequence hile the assessment

of the performance dPFI logistic regression models der current climatés conducted using observed discharge dada

can baunbalancedi.e., covering different observation periods) due to heterogeneous data avadahility stationsee Sect.
3.3),the calibratiorused for projecting?FI under futue climate scenariaglies on standardized and balanced synthetic time

serieswhich ensurs theconsistencyf the modelling acrossimulation points anchodelling chains
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Finally, each synthetic discharge time series generated by a specifiGRMFARCM-Hydrological Modelchain results in a

non-exceedancé&equencycurve which is used thereafter to calibrategistic regression (Eq. (1)).

3.6 Recalibrating logistic regressionsand projecting PFI under climate scenarios

Before being applied to future climate conditioti® logistic regression model Bfy. (1) needs to be recalibrated with past
discharges simulated by eahlgdrological modelhere discharges simulated by the different hydrological models using
SAFRAN reandysis data available during thgeriod 20122022 are used)The resulting logistic regressions ahen re
evaluated for eachydrological modelsing the median of the bias, MAE, RMSE, NSE, and KGE skill scores over all RCP
GCM-RCM modelling chains.

Finally, after recalibration,these logistic regressions are used to prdf€dtbased ordischarge dataimulated for both the
historical period (19742004) andhe projection period (2068100) under various climate scenarfBCP 2.6, 4.5 and 8.5).

3.7 Assessing changes ifPFl and associated uncertainties

We compardPFl between a reference period (192®05), and mediurerm (20412070) as well as lonterm (20762099)

horizons. Results are presented at the HER2 scale across Framtiscaisdedn more detis for four HER2s(Fig. 1),
deliberately selected to represent contrasting hglinaatic conditions and behaviss. A Haut e Nor mandi e Pi
57, North, oceanic temper at e -8t, Northeast, eohtinentél Empelataiem adtee )B,0 ufr M:
de | 60i saln2s,0 AIHER2 mountai nous cl i mat e-})05, Saithahst, MBditearaneae m®
climate). In the rest of the articl e, 0drPflisgeatertba@dw o f
For each HER2, the changes in intensity and seasonality of flow intermitter2@2070and2070-2099relative t01976

2005 are characterized using the mean dBifyf between July and OctobenPFl.10), and the median of the first and last

days (respectivelylf andTl) of the year wittPFI exceeding 20%.

The analysis of the uncertainty propagation in the modelling framework is examined using the QUALYPSO method, applied
to the national average afPH~.10 (MPFL.ig[France]), weighted by HER2 areas and obtained under RCP 2.6, 4.5 and 8.5
climate changecenarios (Evin et al., 201&yvin et al, 2021). The QUALYPSO method is used to characterise the changes in
MPFL.io[France] by estimating its ensembieean over all the projections, as well as the total uncertainty associated with this
set of projections, the contribution of the various sources of uncertainty (RCP, GCMhg@lpgical moded, residual and

internal climate variability) to the total gertainty and the main effect of each individual model and its contribution to the
total uncertainty. The contribution @achcomponentto the total uncertaintijs estimatedas its fixed effect in a linear
regression model, whichdjustsfor imbalancs in the number of simulations across componevitein modelling chains
(Appendix SectF).
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A multi-model index of agreemeri(A) is also computed omPFL.1 time series to highlight convergence in changes over
the projections (Tramblay ar@mot, 208):

006 -B  h 3)
where¢ is the number of projection€) p for a significant positive trend of thePFk.1o according to the MarKendall

test (wi®h U E f0orl)a si gni®imfenotsignifieagtérénd. ve trend and

4 Results
4.1 Data preprocessing

The 3302 ONDE sites are locatedsimall streamsvhile gauging stations in France are monitoring medium size catchments
(Van Meerveld et al., 2020)n addition, all Explore2 simulation sites les& drainage area larger than 64 km2. Unsurprisingly,
there is little overlap between the distribution of areas drained by ONDE sites (median: gdidatiies Q1-Q3: 12-50) and
those drained by the two sets of 1008 gauging stations (mé&diaiamz2; Q-Q3: 85-396) and 1008 simulation points (median:
178 kmz;,Q1-Q3: 95400 Appendix Fig. G1). ONDE sites, gauging stations and simulation points are located at similar
elevations (overall median: 168 ®Q1-Q3: 75308 Appendix Fig. G2 The drainage areas oNDE sites, gauging stations
and simulation points represent respectively a median coverage of@t@3( 15-35),54% Q1-Q3: 31-94) and 55% Q1-

Q3 32-96) of the HER2 areas. This corresponds to a median number of 6.13#88:(5-8), 3.6 stations@1-Q3: 1.95.7)

and 3.7 simulation points @1-Q3: 2-6) per 1000 km? of HER2 (Fig. 3). These statistics highlight the question of

representativeness of the ONDE sites despite the even coverage of the ONDE network.

4.2 Model performance

The logistic regressionsalibrated using observed flows accurately preBiet under current climate conditions (Fig. 4;
AppendixFig. H1). The median performance across HER2s is, for example, 0.85 for @GBRZ 0.770.89) and 0.79 for

NSE Q1-Q3: 0.640.84) when the leaveneyearout crossvalidation is considered. The KGE skill score exceeds 80% in 50

out of 75 HER2 and the bias is very low. The best performances are observed in sedimentary plains and in Aquitaine while
lower performances arebtained in mountainous areas such as the Alps, the Massif Central and the Pyrenees. The mean
absolute error and RMSE show that the largest absolute devidtgiween observations and predictions occur in the
southeastern part of France. This result isscant with previous findingée.g. Fig. 3 in Sauquet et aR021): (1) the
performance of the logistic regressions is partly correlated with the level of intermittence, andl¢®2) canditions which

mainly occur in winter due to freezing in the A not captured by the ONDE network. Observed valuas#t;.10 range

between 3 and 37% (median: 14.3%) across France while valod®rfo obtained with SAFRAN range between 2 and 37

% (median: 14.4%). The modelling approach is able to reproduapdtial pattern of flow intermittence (Fig. 4), although

the results obtained with the DSST show less satisfactory performance (Appren#if and Table H)L The two skill scores
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KGE and NSE are sensitive to wet, intermediate and dry conditions whii¢hiieskill scores show no major change. The
values of RMSE and MAE skill scores do not increase much when the calibration dataset is stratified based on climate
conditions, which indicates that the proposed model is quite robust to climate fluctuskiertsias, however, indicates an
underestimation oPFI in the southwest and in the north during dry years. This lower performance is partly due to a reduced
number of years used for calibration purposes, and to the difficulty to extrapolate the logigtssion equations under
unobserved climate conditions.

Observed mean PFI (%) KGE (unitless) Bias (unitless)

1_‘\

¢
/.1

0.1
0.05

t,».,

N
300 km @

Figure 4: LeaveOne-Year-Out crossvalidation assessing the calibration of the logistic regressions using discharge measurements
from gauging stations. From It to right: observed meanPFI measured during the calibration period (20122022, left), Kling-Gupta
Efficiency (KGE, centre) and absolute bias oPFI predictions (right).

The logistic regressions fitted with discharge data simulatégdilogical modelalso accurately reconstrueEl from May

to September. Compared to the results obtained with observed discharge data, the performance is slightly lower due to th
inherent imperfections of the SAFRAN reanalysis compared to the observed climate (Fig. 5, 6; Table 1; Apperdlix Sect.
The inerrHER2 and inteprojections median estimatedPFl.1o across France is 1118.5% depending ohydrological

models which is close to the 14.3% valu@l-Q3: 8.4-20.3) derived from the ONDE network. The KGE is slightly lower but
exceeds 80% in more thhalf of the HER2 using the CTRIP (38/75), SMASH (38/75), and GRSD (43/75) models. The inter
HER2 median of the NSE skill score (calculated for all R&EPM-RCM modelling chains and for each of these three
hydrological modelsindicates that between 71% and 74% of the variano®@iRl.1o is explained by the logistic regressions.

The other skill scores do not show a loss of performance (KGE between 0.80 and 0.81; MAE between 0.04 and 0.05, an
RMSE between 0.06 and 0.07) wheomparing the results of the Lea@meYearOut crossvalidation obtained using

observed and simulated discharge data. Lower performance is observed with the ORCHIDEE and J2000 models, as the KG
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exceeds 80% in only 7/75 and 5/37 HERZ2, respectively. Tiediian KGE (0.60 and 0.69, respectively), NSE (0.49 and 0.62),
MAE (0.06), and RMSE (0.08 and 0.09) are lower than the values obtained during calibration using observed flow data,

indicating that these two hydrological models seem less sensitive.

Regardlss of thehydrological modebf interest, the maps of skill scores show spatial patterns that are consistent with the
results obtained with observed discharge (i@ 6; Appendix Sectl). Both NSE and KGE remain high in the sedimentary
plains and theauthern part of the country, while they are l&ssurablein mountainous regions (Alps, Massif Central, and
Pyrenees). An overestimation persists in the southwestern part of France, while underestim@fbrsalogs are found in

the northwestern, ndrérn, and southeastern parts of France, and are especially pronounced during dry years. The models als
successfully reproduce the iri@nnual variability ofPFI, particularly the alternation of dry (e.g., 2019) and wet (e.g., 2015)
years (Fig. 5). Thushemoddling chains demonstrate their ability to simulBfel over the period 2012022 and are therefore
deemed reliable to attempt projecting changes in flow intermittence under modified climate conditions. However, note that
PFlvalues are slightly uretestimated when the logistic regressions are calibrated on the driest yahesapgliedto wetter

years This suggests that our future projections are likely to be biased in the same way, since the calibration is basdd on currel

conditions before gpying the regression models to a potentially drier future climate.

Table 1: Evaluation of the logistic regressions calibrated using observed discharge data (results of the cross validation) andgisin
flows simulated by the CTRIP, GRSD,J2000, ORCHIDEE and SMASH hydrological models Statistics of the skill scores are
summarized by medians andhe first and the third quartiles (Q1-Q3, into brackets) across all HER2s.
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Hydrological model

NSE (unitless)

KGE (unitless)

MAE (unitless)

RMSE (unitless)

Observed discharge

data

Leave One Year

0.79
(Q1-Q3: 0.640.84)

0.85
(Q1-Q3: 0.770.89)

0.10
(Q1-Q3: 0.060.13)

0.07
(Q1-Q3 0.050.09)

Out (20122022)
0.74 0.80 0.05 0.07
CTRIP
(Q1-Q3 0.610.80) (Q1-Q3 0.690.85) (Q1-Q3 0.040.07)  (Q1-Q3 0.050.10)
0.74 0.81 0.04 0.06
GRSD
(Q1-Q3 0.640.80) (Q1-Q3 0.71:0.86) (Q1-Q3 0.030.06)  (Q1-Q3 0.040.08)
12000 0.62 0.69 0.06 0.09
(Q1-Q3 0.520.71) (Q1-Q3 0.630.79) (Q1-Q3 0.040.09)  (Q1-Q3: 0.070.13)
0.49 0.60 0.06 0.08
ORCHIDEE
(Q1-Q3:0.390.63) (Q1-Q3 0.500.72) (QI1-Q3 0.040.09)  (Q1-Q3 0.060.11)
0.71 0.80 0.04 0.06
SMASH

(Q1-Q3: 0.650.80)

(Q1-Q3: 0.720.86)

(Q1-Q3; 0.030.06)

(Q1-Q3; 0.050.08)

360

365

370
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Figure 5: Time series ofPFI for the four HER2s selected for illustrative purposes. Dots and lines are observed| derived from the
ONDE network and estimatedPFI computed by the logistic regressions using simulated discharge leyach hydrological model,

respectively.
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Figure 6: Kling-Gupta Efficiency (KGE) assessing the calibration of logistic regression using discharge simulated bgch
hydrological modelwith SAFRAN-based simulations available during the 2022022 period
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4.3 Flow intermittence projections

The logistic regressits fitted for each HER2 are applied to derive P values from the historical (1978)04) and future
(20052100) discharges simulated by thdrological model$orced by RCPFGCM-RCM climate projections over the period
19762100.

Figure 7 shows the elution of mPFk.10 and of the start da{@f) and end datérl) of the dry period foR0412070and2070
2099compared td 9762005 The results are illustrated in Fig. 7 with the median projection given by the GRSD model (see
AppendixFig. J1-J4for other models) under RCP2.6, RCP4.5 and RCP8.5 climate scenarios. Table 2 details the same results
for the four HER2 under RCP8.5.

Overall, the averageFl shows an increase, indicating a gradual intensification of dry periods overtberfary umler the

RCP 4.5 and RCP 8.5 scenarios. The ihtER2 and inteprojections median afnPFL.1o calculated at the national scale
(mPFL.1[France]) for the baseline pericd762005ranges from 10 to 12% depending onltlgdrological modelHowever,

the medan projection ofmPFk.10 during 19762005is higher than 20% in 12 to 20 of the 75 HER2s (depending on the
hydrological modél althoughit does not exceed 42% in any HERhder RCP 8.5mPFl.ig[France] could reach values
between 13 and 21% in the rriekm of the centur041-2070and between 16 and 29% by the end of the ce2Qirg2099

By this time, six HER2s could have irfgrojections median ahPFk.10 exceeding 50% according to at least twdrological

models four in the soutkeast of Francegne in the southwest; and one in the northwest of France. Under RCP 4.5, changes
are more moderate by the end of the cenBfy02099 with mPFk.iFrance] ranging between 14 and 20%. The spatial
pattern of the changes is not uniform but looks simitwien RCP 8.5 and RCP4.5. A strengthening divide between the
southwest and the northast of the country is projected. Regions already prone to intermittence are expected to experience
an increase in this phenomenon under both emission scenarios.idlod tiae ensemble median wiPFk.1o at the end of the

century compared to the baseline period evolves around 1.4 for RCP 4.5 and 1.9 for RCP 8.5. Mountainous regions see tt

intensity of summer dry periods increase but remain relatively spared.

Shifts d the start and the end of the dry period are partly correlated with champ@&$-lnio (Fig. 7). It appears that climate
change results in both earlier and later dry periods in a fairly symmetrical manner: dry periods are advanced and eixtended, b
with different sensitivities structured along a nesthuth gradient. Under RCP 8.5 climate conditions, the dry periods are
projected to get (on median) longer in southern France at the end of the century. According to athgdsblwgical models

the highest shifts off or Tl could exceed 5 weeks in several mountainous HER2 (four HER2 in the Alps, three in the Pyrenees,
two in the Jura). In contrast in the northern part of France, the dry periods could be advanced and extended by amby one or t
weeks, as observedinHER21 APl ai ne de Bourgogneodo (Table 2). HER2 28

to its impermeable clagandy formations, which differs from the neighbouring sedimentary formations. One can note a change
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415

in seasoality forthe HER21 2 A Massi f de | 60i sanso | ocated in the Al ps
No-flow events were concentrated in winter (retention of water in the snow cover) during the historical period. Under climate
change, tempetare will be higher leading to less snowfall and more runoff in the river network during winter. The river flow
regime will be more sensitive to losses by evapotranspiration and finaflgw@onditions will likely occur in summer by

the end of the Zicentury.

mP Fdo %) T{date) Tdate)| NbaBPs PFI
HER?2 Per i |

Mi r Med Max Min Med Max| Mi n Med Max| Mi n Med Ma X
Haut e l97260 8 13 15|30/ 22/ 05/(22/ 30/ 04/ 3 33 40
Nor man204{107 7 14 23|15/ 24/ 11/(11/ 10/ 16/ 1 38 98
Picard 202m9 5 16 34(04/ 21/ 23/|16/ 12/ 23/ 0 37 185
Plain l92&0 12 19 22|10/ 321/ 18/(18/ 27/ 16/ 31 65 83
Bourgoc204107 11 23 34|09/ 02/ 01/(02/ 04/ 29/ 31 79 140¢0
(81) 202w9 10 27 47|21/ 22/ 03/|04/ 08/ 31/ 31 93 1889
197280 6 11 17(26/ 23/ 06/|18/ 19/ 17/ 23 32 128

Massi i
) 20£L107 11 21 38|27/ 01/ 01/|23/ 30/ 03/ 25 65 1389

[@0i san:
202mM9 12 29 52|29/ 12/ 21/|28/ 02/ 15/ 38 92 197
Pl ainlo®R2®0 14 25 29|22/ 17/ 16/|22] 23/ 17/ 37 85 103
me®dite20£L10D7 9 31 46|29/ 11/ 28/|25/ 01/ 25/ 28 107 168
n®enne 202m09 9 41 57|02/ 16/ 30/|02/ 13/ 01/ 33 155 228

Table 2: Statistics of flow intermittence characteristics for the four illustrative HER2s under RCP 8.5. The minimunfmin), median
(med) and maximum (max) are the ensemble minimum, median and maximum across all the geztions and hydrological models.
Nb Days PFI > 20% Number of days indry periods (period of the yea when PFI exceed20%).
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Figure 7: Ensemble mediarmPFl7.10 (columns 1 to 3), and ensemble median shift of the start dafé (columns 4 and 5) and the end
date Tl (columns 6 and 7) of the dry period over the two period2041-2070and 20702099 under the three RCPs for the GRSD
hydrological model, relative to the baseline period9762005 The shift, expressed in week, takes aopitive value when the duration
of the dry period increases. Grey HER2s had no period with BFI >20% during the reference period. The same results are available

for the other hydrological modelsin Appendix Fig. J1-J4.
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Figure 8: Seasonal pattern ofPFI for the periods 19762005 20412070and 20702099 under RCP 2.6, 4.5 and 8.5 scenarios for
GRSD hydrological model in the Alps (HER2 12). The storylines highlighted in this figure are introduced in Appendix Sec. The
same results are available for HER2 57, 81 and 105, and for the othdrydrological modelsin Appendix Fig. J5-21.

4.4 Uncertainties in hydro-climatic projections and their impact on PFI projections

430 Figure 9 illustrates the results of the uncertainty analysis, showingttegtaintyrangeof mPFl.i[France] throughout the
215t century. These results confirm that dry conditions may occur more frequently in a changing climate, with 22% projected
increase iMPFL.io[France] by the end of the century. The totadcertaintyof mPFk.;o[France] over all projections results
from the accumulation of uncertainties related to RCP scenarios, GCMs and R@kddogical moded, residual variability,
and internal variability. The confidence interval, and therefore the extent of change, increasesauese of the 2tentury
435 due to the divergent results of the modelling chain. This finding is consistent with studies using a similar methodology to

assess the uncertainty of panels of flow projections (Evin,&tGdl9;Aitken et al, 2023).
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The ontribution of each component to the total uncertainty varies over Tiheefraction of total variance due to residual
variability is small and remains stable over time. The main part offtbertaintyin climate change responses is thus explained

by RCR GCM, RCM anchydrological modelsin addition, the contribution of the internal variability is highly predominant

and represents more than 75% of the total uncertainty until theanidry. This contribution then decreases with time as the
total uncertanty increases. It becomes less than 50% of the total uncertainty by the end of the century but remains the greates
contributor to the total uncertainty over the whole simulation period.

Regarding the spatial distribution of the different contributionthéototal uncertainty, it appears that climaiedelsare
predominantsource ofuncertainty, and that they are distributed in a spatially heterogeneous manner over Hiance.
uncertainty related to the RCP scenarios increases over time and becomesnargdarthe south, surpassing uncertainties
related to other steps of the modelling chain (GCM, RCM hyddological models In the mountainous regions, differences
between results obtained with RCP4.5 and RCP8.5 are clearer by the end of the century, leading to a contribution of RCP t
the total uncertainty reaching 20% at the end of the century. In northern France, tibertiomtof RCP to the uncertainty is

lower compared tdwydrological modelsGCM, or RCM contributions. Uncertainty related to hydrological models is also

spatially structured, with greater uncertainty in the northwestern part of France.

PFI change
B RCP HM Proportion of 0% 2.5% 5% 10% 15% 20% 30% 50%
the variability (%) |
Residual
GCM
5C variability
B rem W Internal RCP GCM
variability

e

C. L N

HM Residual variability

-
- ‘ -
N
300km L. . | A\

Figure 9: Decompsition of the effects contributing to the variance of projections for relative changes (unitless) mPFIl-.1oFrance].

In the top-left graph, the grey line and the coloured areasespectivelyshow the climate change response and the contribution of
time for each step of the modelling chain to the 90% confidence interval. For each model uncertainty and internal variability
component, the vertical extent of the corresponding area is proportional to the fraction of total uncertainty explained by e¢h
component
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4.5 Agreement between changes

Despite uncertainties about the intensity of chaRge projections still show a good degree of convergence in the direction

of change when considering all climate projections driving each hydrological model individigaihell as in the overall
convergence oPFI projections (Fig. 10)MIA values are first calculated independently for dagtirological modelbefore

all projections are combined for muitiodel assessment.

Figure 10 highlights spatial contrasts of MBA multi-model approach: unsurprisingly, the projectionsn®fFF.10 are more
uncertain in the northern part of France. The climate change signal on the proportion of dry periods is hot homogeseous acro:
France, with significant uncertainties remainingtfe northern part.

The agreement of projections is high for the GRSD and SMASH models across Méhcaliies close to +100% under
RCP8.5 in Fig. 10 and +80% under RCP4.5, see Appendix Spdn contrast, CTRIP, J2000, and ORCHIDEE suggest
contrastedegional impacts of climate change BRI under RCP4.5, with a reduction of th#PFl..1 in the northern part of
France, indicating a differentiated sensitivity of hydrological models to climate changes. This trend is also observed for

ORCHIDEE under RCPB, while the other models agree on an increasing drying.
CTRIP GRSD J2000

ORCHIDEE SMASH

4

-100% -80% -60% -40% -20% 0% 20% 40% 60% 80% 100%
B - I

MIA (%)

Figure 10: Agreement between projections ahPFl7.10 for each hydrological model and intermodel agreement on the change signal
of mPFlz.10 under the RCP 8.5 scenario.
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5 Discussion
5.1 Modelling framework and assumptions

This study presents projections of fEI in smallstreams by HER2 in France over thé'2&ntury. It extends the previous
analysis of Sauquet et al. (2021) on the 22028 period by exploiting an extensive national dataset of stream intermittence
observations collected on learder streams (3302 observation sites), which are the most dffgcshifts from perennial to
intermittent flows(Reynolds et al., 201%hungelet al, 2016) For the first time, we project the future evolution of Bid

using discharge data obtained from 5 hydrological models with conceptual (GRSD, SMASH), €liffatle ORCHIDEE),

or processoriented distributed (J2000) structures, under a multitude of possible climate scenarios informed by 17 pairs of
CMIP5 GCMRCM models.

The results of this study should be interpreted within the context of its underlying assisnipistly, the study focuses on
unregulated streams to characterize the "natural" hydrology (i.e., without considering water abstraction by anthropogenic
activities or the impact of hydraulic engineering structures). This assumption was made indahe2prpject, which provides

the input streamflow simulations. Nevertheless, global water model simulations including direct human impatitaris/ D
Zhang (2010pr Gudmundsson et al. (202d9ncluded that ecologically relevant flow characteristics lvélinore altered by

climate change than by withdrawals and dams. However, we believe that quantitatively estimating the extent to which flow
intermittence is due to direct anthropogenic stressocsuisal. Such an estimation coulchprove our projectionsof flow
intermittenceand informdecisionmakingaimed ategulaing and prevernhg water stress situations for populations.

Secondly, groundwater levels are not incorporated into the model, although they could potentially enhance the accuracy of th
projections.Indeed, snilar logistic regression modelgereusedin Beaufort et al(2018)and they incorporategroundwater

levels measured by piezometekskewise, n Beaufort et al. (2019xlimate, hydrologial and morphologicatiatawere
supplementeavith groundwater levels tpredictflow intermittene at a local scaldn these studiesicorporatingsubsurface

water in the regression modeissthoughtto improve performancen particular because the contributioh subsurface
processes is known fiay a decisive role in maintainifgseflowand mitigaing flow intermittence However information

about groundwater levels has not been included in the present study because hydnalojgictbns incorporating
groundwater levelbave ot yetbeen coductedacross entire France (for instance, within the Explore2 prgjesjgections of
groundwater levels havanly been producetbr arestricted set ofireain France.

Thirdly, with only five annual discrete observations of streamflow intermittenee eleven years for the calibration of the
logistic regression models, our ability to capture the full range of extremes and variability in these regression maakls rema
imperfect. Yet, visual monitoring remains the most common technique for observimeremnial streams. An alternative
approach would be to consider citizen science to augment our database, although concerns about data reliability persist,
particular because past studies have shown participant agreement rates ranging from 46¢5thé&let al., 2024pPata

scarcity necessitated conducting this analysis at the HER2 scale, which nonetheless represents a significant improvement

the spatial resolution by increasing the number of modelling subdomains from 22 to 75 compeaeeidts studie€Sauquet
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et al., 2021) In future work, a downscaling process could enhance the usabiltlflgirojections for local stakeholders in

water management.

Fourthly, while projections of rflow events often exhibit significant uncertainti@ben derived directly from discharge
simulated byhydrological model$Evin et al, 2024; Aitken et al, 2023), this study illustrates how categorical and discrete (in
space and time) field observations can be combined with conventional stream gautgeatdtance the understanding of
smallstream drying dynamics. In this way, despite the divergences between projections induced by climate data, the agreemel

within this multimodel approach is relatively strong, indicating a consensus toward incré&stihgoughout the Zlcentury.

5.2 A consistent signal across projections

This study confirms thdogistic regressionproperly capture the relationshipstween flows in large watersheds andRk¢

of small streams. These regressions are calibratedvalidated using discharge measurements from gauging stations, and
subsequentlysing discharge simulated from SAFRAN climate data. Following this second calibptifgctions based on
regressions consistently indicate an increase in av@flgend a slit in the start and end dates of dry periods under RCP 4.5

and RCP 8.5 climate projections, suggesting a progressive intensification and extension of dry periods Sveenhay1

These results are consistent with previous studies indicating ditmméimany streams from perennial to intermittent regimes
(Jaeger et al., 2014; Reynolds et aD15; Dhungel et al., 2016; Schneider et al., 20kBYegions already affected by
intermittence, an increase in the intensity and duration of dpgrigds is likely, a phenomenon also anticipated in other areas
around the worldJaegeret al, 2014 Dai et al, 2011). Increasing intermittence and decreasing flow rates are observed in
catchmentscale studies: the fraction of time with zero dischangesiases from 0.05% to 4.30% in a Swiss Alpine catchment
between 2022040 and 208®100(Halloran et al., 2023)hile the neflowing phase could extend by up to 12 days between
19832009 and 203059 for a catchment in southern ItéBe Girolamo et al2022) This trend is also noticeable on a larger

scale, as monitoring of gauging stations in five regions with Mediterranean climates around the world between 1980 and 201¢
(Carlson et al.2024)and over 452 rivers on the European continent betweenat@7201Q Tramblay et al 2020 both show

that approximately 30% of them have already experienced drier conditions due to climate change, with modified flow regimes

or extended periods of drying.

5.3 Uncertainties in northern France

In the northern part foFrance, discrepancies between G®@M-Hydrological Modelsprojections result in higher
uncertainties ifPFI projections and pronounced geographical contrasts on themmdetbasedVIA map (Fig. 10)Part of

these uncertaintiesan be attributed tthe underestimation oPFI in this region, particularly durindry years(Sect. 4.2,
AppendixFig. H2 and Table HJL However the primary source ohese uncertaintidikely stemsfrom uncertainties in future
rainfall patterns in this region where the majority of Explore2 projections indicate an increase in winter rainfall and winte
mean flows (for 8 out of Biydrological modelsand a decrease in summer precipitaigain et al.,2024; Sauquet et al.,

2024) The annual precipitation by the end of the century remains uncertain, due to the compensatory effect between increase

24



540

545

550

555

560

565

winter recharge and an increased evapotranspirgRifres et al., 2022; Douville et al., 202285 a resu| some hydrological

models predict a shortening of the dry period for certain northern HER2 regions, including under RCP 8.5. Similar escertainti
are observed along the east coast of the USA, wirepipitation changes could turn intermittent streams perennial ones
(Dhungel et al., 2016¥hile alternative climate change scenarios projected that by the 2040s, approximately half of the streams

in Washington state would shift from snded to rainfed, resulting in reduced annual disch&igeidy Liemann et al., 2012)

5.4 Transformation of the snowmelt regime in the Alps

The mountain ranges could be moderately affected by the increased probability of dry conditions, consistent with our previous
modelling efforts (Sauqueet al, 2021), but our projeidns anticipate two specific phenomena in these regions. First, the
Pyrenees are more affected than the other mountain ranges, with significant changes impacting the massif and the depende
basins in southwestern France. Additionally, Alpine HER2s walbpbly undergo hydrological regime changes. Higher winter
temperatures will lead to reduced snowfall and snelated intermittence. This snowpack reduction will also reduce
groundwater recharge by spring melt. In addition, since soils tend to retaivalessn summer due to more intense and brief
rainstormgRutkowska et al., 20234n increased summer intermittence is expected despite increasing summer precipitations.
Using 16 hydrographic variables describing the magnitude, frequency, timing, duaaiibrate of change of the flow regime

at 59 primarily selected sites with a Strahler order of 5, Dhungel et al. (2016) also observed the reduction in the snowmel
regime at 2 Rocky Mountain sites under climate change. Halloran et al. (2023) also edhatugroundwater will play an
increasingly important role in ensuring flow in alpine streams and that the shift from perennial to intermittent coditd occur
alpine streams over the course of the current century.

Furthermore, the reduction of the snowimegime in the Alps indicate that we can still make projections consistent with the
literature beyond the calibration period (May to September). More generally, the hypothesis of temporal transferability of th
models is a strong assumption in data exglion, as it assumes that climate models, statistical adjustment methods and
hydrological models can simulate the behaviour of the systems they represent in a futuditmadiocontext that is very
different from the one in which they were develofEdin et al.,2024). In this context, it is important to recall the risk that

the projections may be underestimated, as demonstrated by the validation of logistic regressions calibrated on wetter yeal

compared to dry years.

6 Conclusion

This study assess¢he changes in the intermittency of river flows across France in the context of climate change. For the first
time, multrmodel and multscenario hydrelimatic projections are used as a predictor to explore the possible evolution of
the daily probabitly of flow intermittency at the scale of (level 2) HyeEgoRegionsLeveraging monthly monitoring of

small streamsgver ten summers, we calibrated logistic regressions to transform hydrological projections of large watersheds

into regional proportions dlow intermittence for the Zicentury. Under both RCP 4.5 and 8.5 scenarios, robust signals
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570 indicate an intensification of dry events, marked by incregsebability of flow intermittene and longer dry periods
throughout the year. These changes are projected to be more pronounced in southern France, with greater uncertainty in t
northern half of the countrilountainareas could remain relatively spared from summer dry periods bstistifgdrological
regimes are anticipated. By the end of the century under RCP8.5, dry stream phenomena along the Atlantic coast could surpa
those currently observed in the Mediterranean region by the usual monitoring camphiyresolution of droughtand

575 reduced water availability suggested by these results could lead to significant ecological impacts, including altetations in
structure and function of freshwater ecosystems (such as changes in microbial activity and habitat loss), shhtnmissi| ¢

increased carbon and solute fluxes, and sediment mobiliZ&eniset al, 2015).

Appendix A: Explore2 modelling

Histoon RCP RCP RCP

Global Climate Model Regional Climate Model
rical 2.6 4.5 8.5

CNRM-CERFACSCNRM-CM5 CNRM-ALADING
CNRM-CERFACSCNRM-CM5 MOHC-HadREM3GA7-05 - -
ICHEC-EC-EARTH KNMI-RACMO22E
ICHEC-EC-EARTH SMHI-RCA4
ICHEC-EC-EARTH MOHC-HadREM3GA7-05 -
MOHC-HadGEM2ES CNRM-ALADING3 - -
MOHC-HadGEM2ES CLMcom-CCLM4-8-17 -
MOHC-HadGEMZ2ES ICTP-RegCM46 -
MOHC-HadGEMZ2ES MOHC-HadREM3GA7-05 -
IPSL-IPSL-CM5A-MR DMI-HIRHAMS - -
IPSL-IPSL-CM5A-MR SMHI-RCA4 -
MPI-M-MPI-ESM-LR CLMcom-CCLM4-8-17
MPI-M-MPI-ESM-LR ICTP-RegCM46 -
MPI-M-MPI-ESM-LR MPI-CSGREMO2009
NCC-NorESMIM DMI-HIRHAMS -
NCC-NorESMIM GERICSREMO2015
NCC-NorESM1M IPSL-WRF381P - -

580

Table Al: Global and Regional Climate Models combinations driving the Explore2 Hydrological Models selected fBFI simulation
in the 21st century
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Appendix B: Sensitivity analysis of the duration of flow measurement interval used as input for the logistregression
585 to calculate thePFI
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Figure B1: Kling-Gupta Efficiency (KGE) computed on results obtained by Leave One Year Out validations, testing the sensitivity

to the time window of daily discharge used for calibrating the logistic regressions. Boxespresent the quartiles Q1 and Q3, the

whiskers extend up to 1.5 times thinterquartile range above Q3 and below Q1 and points located beyond the whiskers are displayed
590 individually. The dashed line represents the median KGE of the {§;j] window

A sensitivity analysis was performed to fix the time window of daily discharge that optimizes the calibration of logistic
regressions presented in Sect. 3.1. The calibration and validation were performed using the Leave One Year Out metho
detailed in SecB.3. The model performance was assessed using the &liptp Efficiency (KGE) (Gupta et al., 2009). The

595 KGE values for the different HER2 are summarized using boxplots for each tested window size6;jTheifdow was
selected because it correspondthhighest median KGE score, the narrowest interquartile range, and the highest minimum
KGE.

27



600

605

610

615

620

625

630

Appendix C: Separation of dataset based on dry, intermediate and wet years

The data from ONDE sites used for validation were collected between May and Sapbeethll years from 2012 to 2022.
The robustness of the model was assessed through a validation process involving three sets of dry, intermediate, sind wet yea

For each test, model calibration was performed using the years excluded from the vaietation

The hydrological years are distributed into three equal groups of hydrological years (dry years, intermediate years and we
years) according to the annual aridity index, calculated at the national scale. The aridity index Al was given by the ratio
between the total annual precipitation and potential evapotranspiration from August 1 of the previous year to July 31 of the
current year Barrow, 1992; Figure A2.1). A set of dry years was formed using hydrological years where potential
evapotranspirationxeeeded annual precipitation (Al < 1 for 2017, 2019, and 2022). Two sets were then created: the four years
with Al greater than 1.4 were classified as wet years (2012, 2015, 2020 and 2021), and the remaining four years with Al
between 1.15 and 1.37 werassified as intermediate years (2013, 2014, 2016, 2018).

B Wet Intermediate [l Dry

1.0
| I
0.0

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Year

Al

Figure C1: Aridity index for the hydrological years 2012 to 2022
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635

640

Appendix D: Assignment of simulation points

After establishing the models' reliability through validation at sexumeitoring stations, the next step involved extrapolation,
which entailed linking these monitoring sites to the nearest simulation points in Explore 2 to project future hydrological
scenarios while preserving the existing data structure. The proximitedetthe gauging station A and a simulation point in

the Explore2 project is measured by the distance:

0'Qioks @O ®o AT NAYe A (D1)

Here, ® 6 b6 and ® 6 o6 are coordinates df andd (in km), respectivelyand"Yé 1 8Cand"Y6 i Qare the
drainage areas @ andd, respectively that are used to compute the relative difference between the drainage areas (absolute
value).
vy ¢ ¢ y D2)

S S
The coefficient is used to balance the importance of geographical distance and the relative difference in surface and was se
to 100.
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645 Appendix E: Location of the ONDE sites, the gauging stations and the Explore2 simulation points selecfed each
hydrological model

o ONDE sites » Gauging stations » CTRIP model » GRSD model o 42000 model » ORCHIDEE model o SMASH model
(1008) (1008)

(3302) (1008) (1008) (1008)

(483)

Number o
stations per
1000 km?
of HER2
(km™?)

20
15
10
6
2
0

650 Figure E1: Location of the 3302 ONDE sites, the 1008 gauging stations selected from the HydroPortail database, and the Explore2
simulation points selected for eachydrological model(line 1). Maps on the second and third line respégely show the ratio between
the sum of the catchment areas defined by the gauging stations or the simulation points and the surface area of the HER2 they

intersect (line 2), and the density of gauging stations or simulation points (line 3).

& 0kml_+ 1|

30



Appendix F: QUALYPSO method
655

QUALYPSO method is applied to the medttenario multmodel ensembles of projections of the national average of

G 0 "00 (4 0 "00 "Oi & ¢&)cweighted by HER2 areas and obtained under RCP 2.6, 4.5 and 8.5 climate chaamisscen

According to Evin et al. (2019), we assume that the varialie’ OO ;;; 0 characterizes the changetod) "O'O between

a yearand the control yeab(e.g.,c0 p w urtthis study), for a given combination of RCP scen®2B8CM'QRCMQ
660 hydrologicalmodel&

G000 rp© G000 frr 6 @000 frp @
The changeof & 0 "O"O can be split up into:
a 000 frp 0 * %R O R O

Where
665 ‘i O isthe climate change response of the RCP/GCM/RGAliblogicalmodel combination,

~‘rip O is the deviation from the climate change response for this RCP/GCM/R@bidgicalmodel combination, as a

result of internal variability, representingtnral and stochastic variability in the climate system.

670 For each timed, the climate change response characterized ‘py; 0 of any RCP/GCM/RCMAydrological model

combination can be expressed as:

z . ‘

ARR O

0O | 06 1T 6 0 —O0 -rrp o
Where
‘ 0 is the ensemble mean climate change response,
675 | 0 isthe man effect of emission scenaridi.e., themean deviation of RCP scenaifirom‘ 0),

I 0 isthe main effect of GCNR

0 is the main effect of RCNR

— 0 is the main effect athe hydological modeky

RO *HERO YO0 | O 1T O | O —0 correspond taesidual terms. For each year- ;i 0 are
680 assumed to be independent and identically distributed alvscenarios, GCMs, RCMs, and hydrological modaig] to

follow normal distributions, with mean 0 and varianceo .
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685

690

695

If « %55 O and—"r5 O are assumed to be independéne total variance of the change variaild "00 O isgiven
by:
WOiG v "O0 BEE O Wi frE O OOFrRR O
Where
WO FRRE O is the uncertainty associdtéo internal variability oft 0 "O'0 jqp 0.
Wk HrR O isthe uncertaintyn the climate change responsalculated ashe sumof different uncertainty components:

WOFGHR O OO 6 bl 0 0dl 0 WOl 0 Wwh0 OOk O

RCP uncertaintgo 0] 0 quantifiesthe variabiity in & 0 "0'0 ;; 0 values across the RCP scenari®pecifically,

| 0 represertthe differencedetweenthe mears of & 0 "O'0 ;i O involving eachscenaridand the overall mean of

& 0 "O0 ;i 0 across all scenariohis componentlustrateshow differences between emission scenarios contribute to
the total uncertainty in the projectédd "OO jxp O .

Similarly, GCM, RCM andhydrological modelcontributions tax 0 "O0 ;;; O uncertainties are characterized by the
variances for GCMsi§ i 0 ), RCMs (& 0o ), andhydrological model¢w & +—0 ).

Residual variability @ @ F 5 0 ) captures interaction effects and unexplained variability not accounted for by the main

effects.
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700 Appendix G: Metadata
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Figure G1: Frequency distribution of the number of ONDE sites, the 1008 gauging stations selected from tigdroportail database,
715 and the 1008 simulation points from Explore2 as a function of catchment area
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730 Figure G2: Frequency distribution of the number of ONDE sites, the 1008 gauging stations selected from the Hydroportailtabase,
and the 1008 simulation points from Explore2 as a function of elevation
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Figure G3: Strahler index of ONDE sites

735 NA: Missing value
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Appendix H: Model performance using observed discharge data from gauging stations as predictors

Over the observation period (262022), logistic regression models estimate Pif¢ values at HER2 scald-ig. 4). The
740 median observe®FI across all HER2 and all campaigns is 14.39%-Q3: 8.4-20.3) while the logistic regression models
yield a median Vae of 14.4% Q1-Q3: 8.520.4). With results of the leanane yearout crossvalidation, the models explain
73% of thePFI variability according to the NSEXL-Q3: 64-84%) (Table 1Fig. H2), the KGE exceeds 80% in 50 out of 75
HER2 (Fig. H2) and the biais very low.
The models are also able to describe the-aterual variability with the alternation of dry and wet ye&ig.(H1). The median
745 KGE and NSE scores remain above 0.71 durifigidk validations considering dry, intermediate, and wet yearsafdsration.
RMSE and MAE values do not increase much when the calibration dataset is stratified based on climate conditions, whicl
indicates that the proposed model is quite robust to climate variations under current conditions.

HER2 12 Massif de I'Oisans HER2 57 Tables calcaires Haute Normandie Picardie
100% 100%

T 50%

PFI

50%

o dsoasloafant

T T
2012 2014 2016 2018 2020 2022 2012 2014 2016 2018 2020 2022

HER2 81 Plaine de Bourgogne HER2 105 Plaine méditerranéenne
100% 100%

0% 0%

- T 1 T T T -I-
2012 2014 2016 2018 2020 2022 2012 2014 2016 2018 2020 2022

Figure H1: Time series ofPFI in HER2 13, 57, 81 and 105. Points and lines respectively represent el derived from the ONDE
network and the PFI estimated by the logistic regression models using discharge data from gauging stations during the calibration
750 period (20122022).
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Validation during Validation during
Leave One Year wet years intermediate years
Out Validation (2013, 2014, (2012, 2015,
2016, 2018) 2020, 2021)

Validation during
dry years
(2017, 2019, 2022)

KGE
(unitless)

Bias
(unitless)

>5
5
i
0.1

0.05
-0.05

RMSE
(unitless)

§ me;g

4

Figure H2: Kling-Gupta Efficiency (KGE, line 1), Nash Sutcliffe model efficiency coefficient (NSE, line 2), Bias (line 3), Mean
Absolute Error (MAE, line 4), Root-mean-square error (RMSE, line 5) over the calibration period (2012022)
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755

PFI Nash . Root Mean
) Kling Gupta Mean
validation ~ °°S€™Ved  predicted Slljt.d'ﬁe Efficiency _ . Absolute Square
years on ONDE P F @) Efficiency (KGE, Bias (unitless) Error (MAE, Error
network (NSE' unitless) unitless) (RMSE’
(%) unitless) unitless)
Leave One  14.3 14.4 0.79 0.85 -0.02 0.10 0.07
Year Out Q1-Q3 Q1-Q3 Q1-Q3 Q1-Q3 Q1-Q3-0.08;0.05 Q1-Q3 Q1-Q3
(20122022) 8;20 9;20 0.6;0.8 0.8;0.9, min min-max 0.06;0.13 min  0.05;0.09
min-max  min-max min-max max 0.3;1.0 -0.68;0.70 max min-max
3;37 2;37 0.2;0.9 0.02;0.32 0.03;0.15
Wetyears 8.3 8.7 0.76 0.71 0.17 0.05 0.05
(2013, 2014, Q1-Q3 Q1-Q3 Q1-Q3 Q1-Q30.6;0.8 Q1-Q3-1.23;1.25 Q1-Q3 Q1-Q3
2016, 2018) 5;15 5;13 0.6;0.9 min-max min-max 0.03;0.09 min  0.03;0.08
min-max  min-max min-max -4.0;1.0 -7.09;7.32 max 0.01;0.23 min-max
1;29 0;35 -1.7;1.0 0.02;0.15
Intermediate 12.9 13.6 0.76 0.76 0.21 0.07 0.06
years Q1-Q3 Q1-Q3 Q1-Q3 Q1-Q30.7;,0.9 Q1-Q3-1.06;1.41 Q1-Q3 Q1-Q3
(2012, 2015, 7;19 7,19 0.6;0.8 min-max min-max 0.04;0.09 min  0.04;0.09
2020, 2021) min-max  min-max min-max -0.2;1.0 -8.85;5.76 max 0;0.25 min-max
1;35 2;31 -0.7;1.0 0;0.18
Dry years 215 21.4 0.7 0.75 -0.71 0.09 0.08
(2017, 2019, Q1-Q3 Q1-Q3 Q1-Q3 Q1-Q30.6;0.8 Q1-Q3-2.90;1.49 Q1-Q3 Q1-Q3
2022) 14;30 14;32 0.5;0.8 min-max min-max 0.06;0.12 0.06;0.12
min-max  min-max min-max -0.6;0.9 -15.13;12.78 min-max min-max
2,51 4,49 -0.1;1.0 0.01;0.43 0.03;0.24

Table H1: Validation results of drying probability predictions at the HER2 scale using observed flows from the 1008 gauging stations
from the HYDRO database. Theresults correspond to the interHER medians, quartiles, minimum and maximum values. The Leave
One Year Out analysis results are obtained by averaging the validation metrics computed for each year.

Drying probability: Percentage of ONDE sites in a dry statecomputed for each HER2, averaged by monthQ1-Q3:

760 first and third quartiles; Min: minimum; Max: maximum

37



Appendix | : Model performance using discharge data simulated with SAFRAN

NSE
(unitless)

Bias

MAE

RMSE
(unitless)

CTRIP GRSD J2000

ORCHIDEE

N

300 km @ ’

Figure 11: Nash Sutcliffe model efficiency coefficient (NSE, line 1), biadife 2), Mean Absolute Error (MAE, line 3), Rootmean
square error (RMSE, line 4) assessing the calibration of logistic regression using discharge data simulated with SAFRAN data

available during the calibration period (20122022)
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Appendix J: Application to 21st century PFI modeling

Hydrological model: CTRIP

Average proportion of zero flow in Shift of the start date Shift of the end date
770 July-October (median projection) of the dry period of the dry period
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- I of weeks -
Historic runs Mid-term horizon Long-term horizon Mid-term horizon Long-term horizon Mid-term horizon Long-term horizon
(1976-2005) (2041-2070) (2070-2099) (2041-2070) (2070-2099) (2041-2070) (2070-2099)
¥ ¥ ) Y
* o ‘ o
N ¥
S
g !
3 S <l
7 - 4 7
Y X [ X l'
0 o &
N S 0
s ¢
¥, X/
> 4 > 4 = 4

o8

- <N\
(3

f\i o
V‘ -
(Y

2

—

L

y
A

Figure J1: Ensemble mediarmPFl7.10 (columns 1 to 3), and ensemble median shift of the start dafé (columns 4 and 5) and the end
date Tl (columns 6 and 7) of the dry period over the two period2041-2070and 20702099 under the three RCPs for the CTRIP

775 hydrological model, relative to the baseline period 9762005 The shift, expressed in week, takespositive value when the duration
of the dry period increasesGrey HER2s had no period with aPFI >20% during the reference period.
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Hydrological model: J2000

Average proportion of zero flow in Shift of the start date Shift of the end date
July-October (median projection) of the dry period of the dry period
0% 10% 20% 30% 40% 50% 60% 70% Number <Cd)-4 1 0 1.2 3 5 7 >7
| of weeks - .
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Figure J2: Ensemble mediarmPFl7.10 (columns 1 to 3), and ensemble median shift of the start dafé (columns 4 and 5) and the end
date Tl (columns 6 and 7) of the dry period over the two period2041:2070and 20702099 under the three RCPs for the J2000
hydrological model, relative to the baseline period9762005 The shift, expressed in week, takespositive value when the duration
of the dry period increasesGrey HER2s had no period with aPFI >20% during the reference period.
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Average proportion of zero flow in
July-October (median projection)
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Figure J3: Ensemble mediarmPFlz.10 (columns 1 to 3), and ensemble median shift of the start daié (columns 4 and 5) and the end
date Tl (columns 6 and 7) of the dry period over the two period20412070and 20702099under the three RCPs for the ORCHIDEE

hydrological model, relative to the baseline period9762005 The shift, expressed in week, takespositive value when the duration

of the dry period increasesGrey HER2s had no period with aPFI >20% during the reference period.
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Hydrological model: SMASH

Average proportion of zero flow in Shift of the start date Shift of the end date
July-October (median projection) of the dry period of the dry period
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Figure J4: Ensemble mediarmPFlz-10 (columns 1 to 3), and ensemble median shift of the start daté (columns 4 and 5) and the end

815 date Tl (columns 6 and 7) of the dry period over the two period20412070and 20702099 under the three RCPs for the SMASH
hydrological model, relative to the baseline period9762005 The shift, expressed in week, takespositive value when the duration
of the dry period increasesGrey HER2s had no period with aPFI >20% during the reference period.
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Narratives

The following figures present time series of the evolutio®BF dynamics at different horizons and under different RCP
scenarios for each hydrological model in HER2 12, 57, 81 and 105. Four contrasting scenarios were highlighted among the

Explore2 climate projections to illustrate a diversity of potential changes BR@fe 8.5. These story lines range from "Strong

war ming and strong summer (and annual) dry

ing", select

warming and precipitation changed witho]jessi pnonoameddr

reduced winter rechargeodo and fAHot and humi
nuances.

T )
fq_i"f *,@
Average proportion of zero flows smoothed over 5 days \\ ;
Hydrological model: CTRIP - HER2 12 ! -,
S~
L. 1300%m C
Historic runs (1976-2005) Medium-term Horizon (2041-2070) Long-term Horizan (2071-2100)

100% 100% 100%
75% 75% 75%

50%

25% 25% 25%
e AT s T

] FM A M | | A S OND | F M A M | | ASOND | FM A M ] | ASOND

RCP 2.6

100% 100
Climate forcing 5% o
)
Safran . < s o
Explore2 projections, &
including storylines: £ 25% 25
—— - 5 _ >,
Moderate warming and 0% FET—— e pp— &
=rate ; ) ;
precipitation change IFE M A ] ] AS O ND ] FM AM ] | ASOND
Dry all year round, Lo0% 100w
reduced winter recharge
. Strong warming and e 75%

summer drying

Hot and humid
all seasons

I

RCP 8.5
o ¥z
5 ¥ o3

AL

J FMAM | ] ASOMND J FM AM]J J] ASONTED

d all season

Figure J5: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for CTRIP hydrological

model in HER2 12
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Figure J6: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological
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Figure J7: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for ORCHIDEE
hydrological model in HER2 12
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Figure J8: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for SMASH hydrological
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Figure J10: Time series of the evolution odPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological
model in HER2 57
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Figure J11: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for ORCHIDEE
955 hydrological model in HER2 57
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Figure J12: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for SMASH
hydrological model in HER2 57
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Figure J13: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for CTRIP hydrological
model in HER2 81
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1005 Figure J14: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological
model in HER2 81
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Figure J15: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for J2000 hydrological
model in HER2 81
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Figure J16: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for ORCHIDEE
1040 hydrological model in HER2 81

Average proportion of zero flows smoothed over 5 days
Hydrological model: SMASH - HER2 81

T

4_._1516&‘»‘.{ ¢
Histaric runs (1976-2005) Medium-term Horizon (2041-2070) Long-term Herizon (2071-2100)
100% 100% 100%:
1045 75% 75% 75%
“
50% ™ sy, 50%
a
o
25% & 5% e 250
'Jx\,,_‘k
0% —_—— h---_. 0t e — \k 0% ____/\_h
I FM A M | | A S ONTD I FM A M| | A S O0NTED I FMAM ]| ] ASONTED
100% 100%
Climate forcing P 5%
n
Safran o < o o
1050 EXFl’I%r.EZ p{oleclz_tlons, g
including storylines: 25% o 5% J
____‘_—ﬁp{)‘q s . ) TS
Moderate warming and 0% . 0% \\__
precipitation change I F M A M ) ASOND ] FMAMI] | ASOHNDTED
= Dry all year round, 0% 100%
reduced winter recharge
. 5% 75%
- Strong warming and "
summer drying © 5oy
— Hotand humid ;
all seasons X
1055 'JFMAMJJASOND

Figure J17: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for SMASH
hydrological model in HER2 81
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Figure J18: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for CTRIP hydrological
model in HER2 105
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1090 Figure J19: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological
model in HER2 105
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Figure J20: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for ORCHIDEE
hydrological model in HER2 105
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Figure J21: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for SMASH
1125 hydrological model in HER2 105
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Appendix K: Agreement between changes under RCP 4.5

Figure K1: Agreement between projections aonPFlz.10for each hydrological model and intermodel agreement on the change signal
of mPFlz.10 under the RCP 4.5 scenario.

1130 Code availability

The codes are availabletdtps://github.com/tjaouen/PostDocINRAE

Data availability

The Explore2 streamflow projections are availableh#ips://entrepot.recherche.data.gouv.fr/dataverse/explane are

described in detail by Sauquet et(al.prep.
1135 ONDE dataset is available lattps://onde.eaufrance.fr/aceggxdonnees
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