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Abstract

This study aims to assess the changes in the interngttdniver flows across France in the context tinate change.

Projectiors of flow intermittence are derived from the results of the Explore2 project, which is the latest national study that

proposes a wide range of potential hydrological futures for thie@dtury. The multmodel approach developedthin the

Explore2 project enaldeo characterize uncertainties in future flow intermittence. Combined with discrete observations of

flow states, hydrological projections are ppsbcessed to compute the daily probability of flow intermitégfitd=I) on each
element of the partition of Francelitydro-EcoRegiongHER?2).

The postprocessing consisia calibrating logistic regressions between the historical flow states dddhienal LowFlow
Observadbry (ONDE) network and the flow data simulated by the hydrologicatielsinvolved in Explore2run with the
SAFRAN atmosphericeanalysis as inputs. After calibration, these regressions are used to projdeEtklity theentire21
century, based on flow simulations from filrgdrologicalmodelsdriven by up to 17 climate projections under RCP 2.6, 4.5,
and 8.5 climate change scenarios.

The results show good agreement amondtlizologicalmodelsregarding thericrease in flow intermitteeaunder RCP 4.5
and 8.5. Therojected increasi@ mean dailyPFI between July and Octobas well aghe shiftof the first and last days when
PFI exceeds 28 both suggest a gradual intensification andession of dry spells throughout the century. The southern
regions of France are likely to experience greater increases in runoff intergiittenche northern regionandmountainous
regions such as the Alps and the Pyrenees are likely to experbeargges in the dynamics ointermittence with a reduction

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

larger in northern France due to greater intermodel variability in s$hi  region.

1 Introduction

IntermittentRivers and Ephemeral Streams (IRES) are watercourses characterized by the absence of continoons year

water flow (Sefton et al., 2019). While water management practices can exacerbate flowitémeenby 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 recent decades, climate claimjenisiied

these dynamics, significantly impacting the global water cgeletimer precipitations tend to decrease ragiillg temperatures

have increased evapotranspiration and driven more frequent heatwaves (Douville et al., 2021). These chadj&save |

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 between terrestrial and aquatic
ecosystems. Altered patterns of flow interruption d¢hereforecompromise water quantity and quality in downstream
perennial rivers, increase extinction risks for specialized spexielsdisrupt organic matter, nutrient, and sediment cycles
(Bertasselleet al., 2022; Gallart et al., 2012; Giezendanner et al., 2021; Finn et al., 2011; Meyer et al., 2007; Sarremejane ef
al., 2017; Larned et al., 2010)eHce, aetter understanding of IRES behaviours and their interaction with perennial streams

is needed t@ssess the impacts of ongoing and future changes on river ecosystems (D6ll and Schmied, 2012; Jaeger et al
2014; Pumo et al., 2016; Leigh and Datry, 2017), and to address water management challenges (Acuia et al., 2014).

Globally, IRES account for ndgrtwo-thirds 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 models of network contraction §&het al., 2017; Botter and Durighetto, 2020) or through ®@améeptual and
machine learning frameworks that integrate hydroclimatic and physiographic factors (Letpadle2021; Durighetto et al.,
2022). The strongest predictors of flow intermitteace aridity indices (Vicent8errano et al., 2019 ; Jaegsral., 2019).
However, local variations in permeability, lithology and topography also influence intermittence patterns in specific regions
including West Africa (Yu et al., 2018; Belemtougriat., 2021), northern Spain (Gonzaleerreras and Barquin, 2017) and
northwestern Australia (Bourke et al., 2021). Studying intermittence at a largéhsrafererequires considering the diversity

of hydrologial processesat play particularly when maltiple watersheds exhibit diverse sensitivities to hydroclimatic
conditions. This variability highlights the need for robust methodologies gesasintermittence at nation&l (semk
)continental scales (Addor et al., 2018; Hammand Fleming2021;Sardoet al., 2022; Déll et al., 2024).

Understanding the drivers of river intermittence is also crucial for analysing historical trends and projecting futussrchange
IRES behaviourClimate change has already expanded the spatial and temporal extégrnoitient flows worldwide (Zipper

et al., 2021; Jaeget al., 2019; Sando et al., 2022; Gudmundsson et al., 282d )he Mediterranean basin is particularly
affected (Tramblay et al., 2020; De Girolamo et al., 2022). However, interpreting climpgetipres and emission scenarios

at the scale of headwater basins remains rare (Schneider et al., |[B@&8j,many climate models havecoarse spatial
resolutionand high uncertaintiesmerge frommulti-model ensembles (MMEsyvhich makesaccurate predtions of future
IRES changes difficult.



65

70

75

80

85

90

To address these challenges, France has implemented the Explore2 project
(https://entrepot.recherche.data.gouv.fr/dataverse/explore2; Sauquet et al., inhptes®s a mulkimodel, multiscenario
approach to snulate hydrological conditions throughout for the 21st century. It assesses uncertainties at each step of the
modelling process. However, the resolution of the climate projections involved in Explore2 is too coarse to accurately captur
IRES dynamicsHenc, tis study extendthe resultsof 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 steams based on streamflow dsitaulated 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 morédn 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 climate of France using daily dis¢chad)Sauquet et al. (2021), which projected

PFI under a limited set of climate projections with coarse spatial resollnicontrast, his study incorpates a finer spatial
resolution,a broader range aflimate scenariosand a wider variety ohydrdogical models thanks to the integration of
Explore2projections. Itthereforeaddresses a critical research gap by generating projections of small stream intermittence

across Francendthroughout the ZLcentury whilequantifyingthe associatedncertaities.

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 presents the results, which focus on thedaiga
PFI between July and OctobenPFFk.10) and the median of the first and last days (respectiVégndTI) 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 (OFButtps://ofb.gouv.fiy initiatedin 2012the National LowFlow Observatory (ONDEjp

gain a better understanding of low flows and intermittent rivers. ONDE is a stream intermittence monitoring network

comprising 3248 observation stetrategically distributed across the French river network with the aim of characterizing the
occurrence and the intensity of summer @pflows (Nowakand Durozai2012) Thenetwork has been designed to focus on
streams with a Strahler ord@ngingfrom 1 to 4, which are prone to natural and/or anthropogenic intermittent flow conditions.
Most sites (85%) are located éins mstreaméwitha dr ai n a g e ? @5%@ara sit@ated dh StredmsiwidrStrahler
indexoflor2zand 20% of the sites ?2WppendixFgGllandGB)nage area O 10 kn
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A key feature of the ONDE network is that it involves the flow state of watercowbie results from the visual inspection

of streams by OFB observers at each location, instead of a d4xs®ua measurement of flow rates. In the present study, two
binary categories are defined for ONDE observations: (1) "visible flows" and (2) "drytioost} which gather nowisible

flows (standing water in isolated pools) and totally dry conditions (dry rivewbed near the ONDE siteé)Ve use only data
from regular and structured field campai datus), durng Whichhiie e d t
ONDE sitesare monitoredsystematically in mainland France around the 25th day of each month from May to September.

Here we use ONDHata from 2012 to 202dr model calibration and evaluation.

Basedon ONDE data,ite PFl is defined as the proportion siallstreams under drying conditionsthéregional scalelt is
used as a proxindicator forthe intensity and duration of dry period®ng-term analysis of thBFl characterises the spatial

and temporalrends of drought across regions and providgdgable informatiorabout IRESntermittencebehaviour

2.2 Delineating areas with homogeneous hydrological behaviour: the HydicoRegions

Hydro-EcoRegions (HER) arepatially homogeneous areas defined over France based on natural drivers involved in river
ecosystem functioning, such as geology, topography, and climate. There are @5HERI(HER?2) across France, and they

are derived from the swudiivision of 22 level1l HER (HER1)(Wasson et al., 2002)vhich were used in the previous study
about the impact of climate change BRI in France (Sauquedt al, 2021). In contrast, the present study investigates flow
intermittence at the scale of HER2 regions in orlemodelPFI at a higher spatial resolution. The statistical approach
developed hereafter requirsgfficient observations of flow states for calibration purposes et 3.1), which led us to
perform five groupings of HER2 in order toseme that enough observations are available for model calibration. When merging
HER2 regions we checked that they belonged to the samelldd&R to ensure that they share similar environmental
characteristics at the large scale. In the end, a partitiBrance into 75 entities (HERZ2 or pool of HER2) was considered for
this study Fig. 1).

These75 HER2shavea median surface area of 4990 kam8l more than 20% (17/75) have a surface area greatel @00

kmz2. The HER2s were the subject of ONDE 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
monitoling stations within a given HER2. Thus, the data exclusion 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 thigsdy
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 2% centuryis based on the large set of hydrological projectiopmaluced 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 on the minimum drainage area imposed by the sioditial reso

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

Explore2 is a multmodel simulation experimeirivolving nine different hydrologicahodels but some of them are restricted

to regional applicationfon averageeach simulation point has discharge projections simulated byfainologicalmodelg.

Finally, with the objective of predicting flow intermittence at the national scale, we select the five models with the larges
simulation domain: CTRIFDecharme et al., 2019BRSD(De Lavenne et al., 201,6)2000(Morel 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 modelsinvolved in the project have the capability of including husratuced influencesThe
evaluationof hydrological modelsvas performed using an extended dataset ofpiestine catchmentStrohmenger et al.,

2023) The simulations used for model evaluation weaeried out for the period 1978022 using the French nesurface

SAFRAN meteorological reanalys{¥idal et al. 2010)s input. In addition, theydrologicalmodelsincluded in Explore2
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have been evaluated on the common period of availability -2916 (Rwuquetet al, in prep). After validation, the
hydrologicalmodelsare forced by an ensemble datadsivedfrom 17 pairs of Global and Regional Climate Models (GCM
RCM) corrected by the statistical adjustment method ADAM@WMdrfaillie et al., 2018jor both historical (197€004) and
future climate scenarios RCP 2.6, 4.5 and 8.5 (ZII®; Appendix Sect. A). Ithe end, thge biascorrected climate

145 projections were used as inputs for the hydrological mod#|$7 GCM-RCM projectionsare usedinderRCP8.5scenarig
whereaslO of these projectiorere usedinderRCP2.6and9 underRCP4.5 The baseline periad set to 197€005 and used
thereafter for analysing changes in IRES behaviGwerall, the hydrological projections used thereafter to prédittesult
from combinations RCI&CM-RCM-HydrologicalModel

3 Modelling framework
150 3.1 Linking intermittence to stream discharge at the HER2 scale

The empirical method suggested by Beatifet al. (2018 Eq. (4)) is applied here to estimate the Probability of Flow

Intermittence PFI) at the scale of HER2 regioriBhis method followsa two-step procesthatlinks observed flowstates at

ONDE sites to dailgtreanfiows (eithergauged or moelled) using logistic regressions

First, observatios from ONDE sitesare used to determine the percentage of sitesiwidhr y ¢ o fordeachHER2(§ O
155 and each campaign daf@ (Flow intermittence evolves over relatively long time scalg#h seasonal transitions between

flowing and dry states occurring gradually withire year, except in cases sifgnificant rainfalleventsthat can temporarily

trigger flow conditions.Given thisinertia, the estimation oflow intermittenceremains appropriate even if not siteswithin

a HER2 are monitored on the exact same day, avghift ofonly a few days dring a given campaigfio furtherensurethe

temporalconsistency across campaighemonitoring is systematically conducted at fixed sitegldata from a give@NDE
160 campaignand HER2are only considered if at least 75% of the ONDE sites withenHER2 are monitored during the

campaignThis approachminimizes potential biases associated with incomplete observatiodsnsures that theercentage

of dry ONDE siteseferred hereafter as "O"(f can beconsidered representative of tREI.

Subsequently, a logistic regression model is calibrated for each HER2 in olid&rtte PF| values for dayQo streamflow

conditions(Eqg. (2), Fig. 2:

o] o) o]

165 0 Ot , (1)

o] o) o]

wheref 5 andf 4 are respectively the logistic regression intercept and stoedficient associated with the

predictor'Oq

Themodel uses the mean nerceedance frequencies of dischafgg "Qaspredictor ford "O'M (EQ. (2)).Fo HerzniS

regarded as a proxgharaterisingthe current wet versus dry hydrological conditions at the regional dtédaderived from
170 the nonexceedance frequency cusvef streamswhich describethe probabilitythata givendischargeralue isnot exceeded.

For ead specific(‘Q corresponding to an ONDE field campaign and each HE@2tlfe daily empirical nomexceedance
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frequencies of discharge are spatially averaged over all availateams whose drainage areas intersect the HER2 of interest
(weighted by their drainagarea) and temporally averaged over the per@d¢IQ This severday window allows the
inclusionof nonsimultaneous response times causedhdigrogeneoupropagation times in the underground and the river
network(the choice for a sevestay window is the result of an optimisation process, see App&edtt. B)In the end;O,

is defined by:

"0, Q —B B O i @)
where’O i representthe nonexceedance frequenof each strearh among theé streams whose drainage areas intersect
the HER2Q This frequency isveightedby thedrainage areaf streani . The summation is computed overcd dayQwithin

the 'Q @riQperiodaroundcampaignQ

Once calibratedthelogistic regressionare used to convert the hydrological projections from the Explore2 projed®Hito

projections.
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Figure 2: Schematic view of the approach adapted to derive the regional Probability of Flow IntermittencdFl) 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 their correspondingnon-exceedancdrequency curves (column 2). A logistic regressionis
then used tolink daily flows to ONDE observations as illustrated here for thecampaign of September 2, 2012 For this campaign,
daily discharge valuessimulated between September 18 and September, 2812 are extraded for each simulation pointwhose
drainage area intersecs the HER2. Thesesevenflow values arematched to their respective non-exceedancerequency using the
non-exceedancerequency curve. The mean non-exceedancdrequency across all simulation points is then associatedwith the
proportion of ONDE sites exhibiting A d r y ¢ o nddring thisocarspaign (observedPFI, column 3). The logistic regression is
calibrated using data from all ONDE campaigns Once calibrated, these modelsallow for the conversia of daily discharge 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 usimgesbdischarge datdhe daily discharge
data used in the calculation B§ HeronWere compiled using gauging station records from the French reference hydrologic

network HydroPortai(Leleu et al., 2014www.hydro.eaufrance.jr The set of gauging stations were selected on the basis of

three different criteria:
- Daily discharge data must be available during the ONDE field campaigns, i.e., witfjri€hjg-10]interval centred
on 25th of each month from May September, for the years 2012 to 2022.
- The human disturbance to flow must be minimal at the gauging stations.
- All selected gauging stations must have a drainage area of less than 2000 km2. Large gauged basins with a higl
Strahler order have been distad since they are unlikely to behave in the same wagnaistreams.
This selection process results in a final dataset including 1008 stations (Fig. Bprifdseceedancérequencycurve of each
gauging station is computed ugiits entire available discharge time serleadingto variations in the time periods covered
by the discharge data across statidieverthelesglimiting the analysis to the period 202022 would likely exclude critical
information on hydrological éxeemes and fail to fully capture the variability of high and low flow events, which are pivotal

for under st behadioumgingaxtreme conditions.

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

Several crossalidation schemes are then considered to test the robustness of these models:oAggagseout cross
validation is first carried out by exaling 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 (8ST, Dakhlaouiet al, 2017), which is a old crossvalidationperformed on three

distinct groups of hydrological years categorized as dry, intermediate, or wet (Appendix Sect. C). The years are décriminate
according to the aridity inde@@amrow, 1992) which is one on the main drivers of flow intermittenat 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 (ME, to quantify the magnitude of prediction errors), and themednsquare error (RMSE, which provides

8
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a quadratic estimation that assigns relatively higher weight to large errors). Additionally, th8WNeléfe model efficiency
coefficient (NSE) ixomputed to compare the variance of the estimation error to the variance of the observed ti(iNaséries
and Sutcliffe, 1970)The KlingGupta Efficiency (KGE) complements the NSE metric as KGE is the Euclidean distance
between observed and estimaiel, computed using the coordinates of bias, standard deviation, and corréatjma et

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

3.4 Sdecting simulation points for PFI projections under climate change

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 clitnatge on flow intermittence dynamics.

Discharge data derived from the Explore2 database are used as input for the logistic regression models introdu8et in Sect
However, not all the stations in the HydroPortail database have been simulatedhygrdtogicalmodels To overcome this
co-location problem, the choide made to identify the simulation points closest to the 1008 gauging stations selected for the
diagnosis inSect 3.2 (Fig. 3). The conditions of the applicati@xperiment are thus similar to the ones of the diagnostic
experiment. A constrains applied to ensure that no simulation pagéssigned multiple times, unless thereo alternative

point within a 50 km distance from the gauging statidppendix Sect. D). This selectios made independently for each
hydrological model. Only 483 pointse assigned 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 33020NDE sites, the 1008 gauging stations selected from the HydroPortail database, and the Explore2
simulation points selected fotGRSD and J200thydrological model (line 1). The maps on the secontine show the ratio between tle
sum of the catchment areas defined by the gauging stations or the simulation points and the surface area of the HER2 theyrsect
(line 2). These catchment areas may overlap and their sums are computed withauinsideringtheir spatial distribution. The maps

on the third line showthe 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 becomputedor each simulation poirrior to PFI estimation To
avoid problems of extrapolatingon-exceedance frequen®f dischargevalues outside the range historical flows when
performingPFI projection under changing climatee decigd to buildsynthetic flow time series with a period length of 169
yearsthat combine the historicalischarge data simulated with SAFRAN over the period 1Y% with discharge data
simulated by the different metling chains RCRGCM-RCM-Hydrological Model over the period 1978100. This
concatenatioms made independently for each modelling chemasimulation pointAs a consequence hile the assessment
of the performance d?PFI logistic regression models under current climateonducted using observed discharge diaa

can beunbalancedi.e., covering different observation peripdsie to heterogeneous data availabdityoss stationsee Sect.
3.3),the calibratiorused for pojectingPFI under future climate scenariodies on standardized and balanced synthetic time

serieswhich ensurs theconsistencyf the modellingacrosssimulation points anchodelling chains
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Finally, each synthetic discharge time series generatedspgcific RCFGCM-RCM-HydrologicalModel chain results in a

nonexceedancé&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 conditiotie logistic regresion model ofEq. (1) needs to be recalibrated with past
discharges simulated by eabldrological model(here discharges simulated by the different hydrological models using
SAFRAN reanalysis data available during theriod 20122022 are used)lhe resuing logistic regressions atben 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 togmtdfFl based ordischarge dataimulated for both the
historical period (197€2004) andhe projection period (2008100) under various climate scenarfBCP 2.6, 4.5 and 8.5).

3.7 Assessing changes iRFI and associated uncertainties

We compardPFI| between a reference perid¢@l9762005), and mediuserm 041-2070) as well as lonterm 0702099)
horizons. Results are presented at the HER2 scale across Frandiscussedn more details for fouHER2s (Fig. 1),

deliberatelyselected to represent contrasting hydiimatic conditions and behavirs; i Haut e Nor mandi e

P i

57, Nort h, oceanic temperat e -8cll,i mMbotret)h,e afisR I, a icnoen td en eBhat varl g
de | 60i RAaln2s,0 Al HEs , mountainous c¢l i mat e-105, Sautheast iVeditaraneam m®
n

climate). I the rest of the articl e, @drPFlispgeatdr thah 2036. o f
For each HER2, the changesntensity and seasonality of flow intermittence 2041-2070and20702099relative t01976

2005 are characterized using the mean dBif between July and OctobenPFl.10), and the median of the first and last
days (respectivelylf andTl) of the year withPFI exceeding 20%.

The analysis of the uncertainty propagation in the modelling framework is examined using the QUALYPSO method, applied

to the national average aiPFk.10 (MPFlk.i[France]), weighted by HER2 areas and obtained under RG6P4.5 and 8.5
climate changecenarios (Evin et al., 2018yvin et al, 2021). The QUALYPSO method is used to characterise the changes in
mPFL.i[France] by estimating its ensemble mean over all the projections, as well as the total uncertairdyeabidtti this

set of projections, the contribution of the various sources of uncertainty (RCP, GCM hg@wlpgicalmodek, residual and
internal climate variability) to the total uncertainty and the main effect of each individual model and itsutionttio the

total uncertainty. The contribution @achcomponentto the total uncertaintis estimatedas its fixed effect in a linear
regression model, whichdjustsfor imbalance in the number of simulations acrossmponentsvithin modelling chains
(AppendixSect.F).
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A multi-model index of agreemen¥i(A) is also computed omPFL.1o time series to highlight convergenicechanges over

the projections (Tramblay ar8bmot, 208):

006 -B  "th (3)
where¢ is the number of projection®) p for a significant positive trend of thePFl..10 according to the ManKendall
test £0M)©@h WU 1 for a signi®iwmfernasignifieagtarend.ve trend and

4 Results
4.1 Data preprocessing

The 3302 ONDE sites are locatedsimall streamsvhile gauging stations in France are moriitg medium size catchments
(Van Meerveld et al., 2020l addition, all Explore2 simulation sites have a drainage area larger than 64 kmz2. Unsurprisingly,
there is little overlap between the distribution of areas drained by ONDE sites (median: gddaties Q1-Q3: 12-50) and

those drained by the two sets of 1008 gauging stations (médiaikm2,Q1-Q3: 85-396) and 1008 simulation points (median:

178 km2;,Q1-Q3: 95400 Appendix Fig. G1). ONDE sites, gauging stations and simulation goare located at similar
elevations (overall median: 168 ®@1-Q3: 75-308 Appendix Fig. G2 The drainage areas of ONDE sites, gauging stations
and simulation points represent respectively a median coverage of21@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. 141H€8:(5-8), 3.6 stations@1-Q3: 1.95.7)

and 3.7 simulation points @1-Q3: 2-6) per 1000 km2 of HER2 (Fig. 3). These statistics highlight the aquesif

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

4.2 Model performance

The logistic regressions calibrated using observed flows accurately pRédictnder current climate conditions (Fig. 4;
AppendixFig. H1). The median performance across HER2s is, for example, 0.85 for RGBR3F 0.77-0.89) 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 biasvery low. The best performances are observed in sedimentary plains and in Aquitaine while
lower performances are obtained in mountainous areas such as the Alps, the Massif Central and the Pyrenees. The me
absolute error and RMSE show that the largesblaite deviationdetween observations and predictions occur in the
southeastern part of France. This result is consistent with previous fingimgs-ig. 3 in Sauquet et aR021): (1) the
performance of the logistic regressions is partly correlatéll the level of intermittence, and (2)-flow conditions which

mainly occur in winter due to freezing in the Alps are not captured by the ONDE network. Observed valBEs.gfrange

between 3 and 37% (median: 14.3%) across France while valad3Fdfi, obtained with SAFRAN range between 2 and 37

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

the results obtained with the DSST show less satisfactory performance (Appenéif and Table HYL The two skill scores
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KGE and NSE are sensitive to wet, intermediate and dry conditions while the other skill scores show no major change. The
values of RMSE and MAE skill scores do not increase much when the calibration datadsstfisdsbased on climate
conditions, which indicates that the proposed model is quite robust to climate fluctuations. The bias, however, indicates ar
underestimation dPFI in the southwest and in the north during dry years. This lower performancélysdo&rto a reduced

number of years used for calibration purposes, and to the difficulty to extrapolate the logistic regression equations undel
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 ofhe logistic regressions using discharge measurements
from gauging stations. From Idt 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 simulatégdologicalmodelsalso 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; Apperldlix Sect.
The interHER2 and intejprojections median estimatedPFL.1o across France is 1118.5% depending ohydrological

models which isclose to the 14.3% valu®1-Q3: 8.4-20.3) derived from the ONDE network. The KGE is slightly lower but
exceeds 80% in more than half of the HER2 using the CTRIP (38/75), SMASH (38/75), and GRSD (43/75) models: The inter
HER2 median of the NSE skill seo (calculated for all RCGIBCM-RCM modelling chains and for each of these three
hydrologicalmodelg indicates that between 71% and 74% of the variano@iRl.10 is explained by the logistic regressions.

The other skill scores do not show a loss ofgrenance (KGE between 0.80 and 0.81; MAE between 0.04 and 0.05, and
RMSE between 0.06 and 0.07) when comparing the results of the-OrsvéearOut crossvalidation obtained using
observed and simulated discharge data. Lower performance is observdtevidRE€HIDEE and J2000 models, as the KGE
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exceeds 80% in only 7/75 and 5/37 HER2, respectively. Their median 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 calibsitigrolbserved flow data,

indicating that these two hydrological models seem less sensitive.

Regardless of thaydrologicalmodelof interest, the maps of skill scores show spatial patterns that are consistent with the
results obtained with observed disege datdFig. 6; Appendix Sectl). Both NSE and KGE remain high in the sedimentary
plains and the southern part of the country, while they arddesarablein mountainous regions (Alps, Massif Central, and
Pyrenees). An overestimation pists in the southwestern part of France, while underestimatioRBlofalues are found in

the northwestern, northern, and southeastern parts of France, and are especially pronounced during dry years. The models a
successfully reproduce the inr@nnualvariability of PFI, particularly the alternation of dry (e.g., 2019) and wet (e.g., 2015)
years (Fig. b Thus, thenodédling chains demonstrate their ability to simulBtel over the period 2012022 and are therefore
deemed reliable tattempt projecting changes in flow intermittence under modified climate conditions. Howetethat

PFl values are slightly underestimated when the logistic regressions are calibrated on the driest freara@pikdto wetter

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

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

Table1: Evaluation of the logistic regressions calibrated using observed discharge data (results of the cross validation) asihg
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 malel

NSE (unitless)

KGE (unitless)

MAE (unitless)

RMSE (unitless)

Observed discharge

data

Leave One Year
Out (20122022)

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)

cTRIP 0.74 0.80 0.05 0.07
(Q1-Q3: 0.61:0.80) (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: 0.07-0.13)
0.49 0.60 0.06 0.08
ORCHIDEE
(Q1-Q3:0.390.63) (Q1-Q3 0.500.72) (Q1-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 observedF| derived from the
ONDE network and estimatedPFI computed by the logistic regressions using simulated discharge ach 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 2012022 period
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4.3 Flow intermittence projections

The logistic regressions fitted for each HER2 are applied to derivieRhealues from the historical (1978004) and future
(20052100) discharges simulated by tigdrologicalmodelsforced by RCPGCM-RCM climate projections over the period
19762100.

Figure 7 shows the evolution ofPFL.10 and of the start dat@f) and end datér|) of the dry period foR0412070and207G
2099compared td 9762005 The results are illustrated in Fig. 7 with the median projection given by the GRSD (seelel
AppendixFig. J1-J4for other models) under RCP2.6, RCP4rl RCP8.5 climate scenarios. Table 2 details the same results
for the four HER2 under RCP8.5.

Overall, the averageFI shows an increase, indicating a gradual intensification of elipqis over the Zicentury under the

RCP 4.5 and RCP 8.5 scenarios. The #H{ER2 and inteprojections median ahPFl.1o calculated at the national scale
(mPFkE.1o[France]) for the baseline periot9762005ranges from 10 to 12% depending onlilydrologicalmodel However,

the median projection ahPFk.10 during 19762005is higher than 20% in 12 to 20 of the 75 HER2s (depending on the
hydrologicalmode), althoughit does not exceed 42% in any HERXder RCP 8.5mPH~.igFrance] could reach values
between 13 and 21% in the rtiekm 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 &b least twdiydrological

models four in the soutkeast of France; one in the southwest; and one in the northwest of France. Under RCP 4.5, changes
are more moderate by the end of the cenf@y02099 with mPFkL.io[France] ranging between 14 and 20%he spatial

pattern of the changes is not uniform but looks similar between RCP 8.5 and RCP4.5. A strengthening divide between the
southwest and the nortkast of the country is projected. Regions already prone to intermittence are expected to experienc
an increase in this phenomenon under both emission scenarios. The ratio of the ensemble medikaoat 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

intensityof summer dry periods increase but remain relatively spared.

Shifts of the start and the end of the dry period are partly correlated with chamgeElino (Fig. 7). It appears that climate
change results in both earlier and later dry periods inlg &immetrical manner: dry periods are advanced and extended, but
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 thef #melcentury. According to at least thvwpdrologicalmodels

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 Franeegthperiods could be advanced and extended by only one or two
weeks, as observed inHER21 APl ai ne de Bourgogneodo (Table 2). HER2 28

to its impermeable clagandy formations, which differs from the ndigluring sedimentary formations. One can note a change
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in seasonalityforthe HERE2 A Massi f de | 60i sanso |l ocated in the Al ps
No-flow events were concentrated in winter (retention of water in the snosv)adwring the historical period. Under climate
change, temperature will be higher leading to less snowfall and more runoff in the river network during winter. Thevriver flo
regime will be more sensitive to losses by evapotranspiration and finaflpwaonditions will likely occur in summer by

415 the end of the Zicentury.

mP Fdo %) T{idat e) Tdate)| NbaDPs RBRI%
HER Peri( ~  Me Ma . _ '
Mlld Mi r Med Ma X Mi r Med Max Mi r Me c Ma x
X
192800 8 13 15(30/ 22/ 05/|2D/9 30/ 04/ 3 33 40
Haute 2041 15/ 24/ 11/{11/ 10/ 16/
7 14 23 1 38 98
Nor man 207( 7 8 0 0 1 2
PicasB 2070 04/ 21/ 23/{16/ 12/ 23/
5 16 34 0 37 18!
2009 ¢ 6 8 1 0 1 2
1920 12 19 22|10/ 31/ 18/|18/ 27/ 16/ 31 65 83
Plain 2041 09/ 02/ 01//02/ 04/ 29/
11 23 34 31 79 141«
Bourgc 207C 7 8 9 0 1 2
81X 2070 21/ 22/ 03/{04/ 08/ 31/
10 27 47 31 93 18!
209¢ 6 7 9 0 1 2
19200 6 11 17|26/ 23/ 06/|18/ 19/ 17/| 23 32 128
2041 27/ 01/ 01/{23/ 30103/
Massi i 11 21 38 25 65 13!
_ 207( 6 8 9 9 0 2
101 s dmps
2070 29/ 12/ 21/{28/ 02/ 15/
12 29 52 38 92 19°
209¢ 5 7 8 9 1 2
19720 14 25 29|22/ 17/ 16/ |22/ 23/ 17/| 37 85 103
Pl ain 2041 29/ 11/ 28//25/ 01/ 25/ )
9 31 46 28 10 16 ¢
me®dite 207( 5 7 8 9 1 2
n®enlmEE 2 0 7 Q 02/ 16/ 30/ 02/ 13/ 01/
9 41 57 33 15t22¢
209¢ 4 6 8 0 1 1
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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 andnaximum across all the projections and hydrological models.
Nb Days PFI > 20% Number of daysin dry periods (period of the yea when PFI exceed20%).

Hydrological model: GRSD -

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 <C4) -4 -1 0 12 3 5 7 >7
- I
of weeks NN T
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)
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420 Figure 7: Ensemblemedian mPFlz.10 (columns 1 to 3), and ensemble median shift of théast date Tf (columns 4 and 5) and the end
date Tl (columns 6 and 7) of the dry period over the two period20412070and 20702099 under the three RCPs for the GRSD
hydrological model, relative to the baseline period 9762005 The shift, expressedn week, takes a positive 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 modelin the Alps (HER2 12). The storylines highlighted in this figure are introduced in Appendix Sectl. The
same results are available for HER2s 57, 81 and 105, and for the othleydrological 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 thecertainty analysis, showing thecertaintyrangeof mPFL.io[France] throughout the
215t century. These results confirm that dry conditions may occur more frequently in a changing climate, with 22% projected
increase iMPFL.1g[France] by the end of the century. The totalcertaintyof mPFk.io[France] over all projections results
from the accumulation of uncertainties related to RCP scenarios, GCMs and R@kidogical moded, residual variability,
and internal variabilityThe confidence interval, and therefore the extent of change, increases over the coursé'ottiter31
435 due to the divergent results of the modelling chain. This finding is consistent with studies using a similar methodology to

assess the uncertaintiyganels of flow projections (Evin et aR019;Aitken et al, 2023).
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The contribution of each component to the total uncertainty varies overTmadraction of total variance due to residual
variability is small and remains stable over time. Thenrpart of theuncertaintyin climate change responses is thus explained

by RCP, GCM, RCM antiydrologicalmodels In addition, the contribution of the internal variability is highly predominant

and represents more than 75% of the total aitgy until the midcentury. This contribution then decreases with time as the

total uncertainty increases. It becomes less than 50% of the total uncertainty by the end of the century but rematiestthe grea
contributor to the total uncertainty over thwhole simulation period.

Regarding the spatial distribution of the different contributions to the total uncertainty, it appears thatroboelisare
predominantsource ofuncertainty, and that they are distributed in a spatially heterogeneaaner over Franc&he
uncertainty related to the RCP scenarios increases over time and becomes predominant in the south, surpassing uncertaint
related to other steps of the modelling chain (GCM, RCM amldologicalmodelg. In the mountainous géons, 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, the contribution of RCRctttiaty is

lower compared tdydrologicalmodels GCM, 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 Proport‘_wo‘n of 0% 2.5% 5% 10% 15% 20% 30% 50%
the variability (%) |
GCM Residual
variability
B rem @ Intemal RCP GCM
variability

o

HM Residual variability

- -
‘ -
N
s00km .1 QR

Figure 9: Decomposition of the effectsontributing to the variance of projections for relative changes (unitless) ahPFlz.1o[France].
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 mdelling 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 ¢h
component.
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4.5 Agreement between changes

Despite uncertainties about the intensity of chaRg#,projections still show a good degree of convergence in the direction

of change when considering all climate projections driving each hydrological model individually, asrelthe overall
convergence oPFI projections (Fig. 10)MIA values are first calculated independently for elagtirologicalmode| before

all projections are combined for muitiodel assessment.

Figure 10 highlights spatial contrasts of A multi-model approach: unsurprisingly, the projectionsn®fFk.10 are more
uncertain in the northern part of France. The climate change signal on the proportion of dry periods is not homogeseous acro:s
France, with significant uncertainties remaining fornbethern part.

The agreement of projections is high for the GRSD and SMASH models across Méhoalies close to +100% under
RCP8.5 in Fig. 10 and +80% under RCP4.5, see Appendix Kpdn contrast, CTRIP, J2000, and ORCHIDEE suggest
contrasted regnal impacts of climate change &l under RCP4.5, with a reduction of thdFl.10 in the northern part of
France, indicating a differentiated sensitivity of hydrological models to climate changes. This trend is also observed for

ORCHIDEE under RCP8.5vhile the other models agree on an increasing drying.
CTRIP GRSD 12000

ORCHIDEE SMASH

4

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

MIA (%)

Figure 10: Agreement between projections ahPFlz.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 fREl 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 datasstream intermittence
observations collected on learder streams (3302 observation sites), which are the most affected by shifts from perennial to
intermittent flows(Reynolds et al., 201®hungelet al, 2016) For the first time, we project the fue evolution of thé®FI

using discharge data obtained from 5 hydrological models with conceptual (GRSD, SMASH), surface (CTRIP, ORCHIDEE),
or processriented distributed (J2000) structures, under a multitude of possible climate scenarios informedainy &7 p
CMIP5 GCM-RCM models.

The results of this study should be interpreted within the context of its underlying assuniptiihs.the study focuses on
unregulated streams to characterize the "natural" hydrology (i.e., without considering watetiahskry anthropogenic
activities or the impact of hydraulic engineering structures). This assumption was made in the Explore2 project, whésh provid
the input streamflow simulations. Nevertheless, global water model simulations including direct hyraets iny @Il and

Zhang (2010pr Gudmundsson et al. (202d9ncluded that ecologically relevant flow characteristics will be more altered by
climate change than by withdrawals and dams. However, we believe that quantitatively estimating the extehtfkmmvhic
intermittence is due to direct anthropogenic stressotsuigial Such an estimation coulchprove our projections of flow
intermittenceand informdecisionmakingaimed atregulaing and preverihg waterstress situations for populations.

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

levels measured by piezometekikewise, n Beaufort et al. (2019xlimate, hydrologial and morphologicatlatawere
supplementeavith groundwater levels tpredictflow intermitten® at a local scaldn these studiesicorporatingsubsurface

water in the regression modeiss thoughtto improve performancein particular because theontribution of subsurface
processes is known fay adecisiverole in maintairing baseflowand mitigaing flow intermittence However information

about groundwater levels has not been included in the present study because hydmplogicibns incorporating
groundwater levelbave ot yetbeen conductedcross entire France (for instance, within the Explore2 prgjesjections of
groundwater levels havenly been producetbr arestricted set ofreain France.

Thirdly, with only five annual discrete observations of streamflow intermittence over eleven years forbttzi@alof the

logistic regression models, our ability to capture the full range of extremes and variability in these regression mauels rema
imperfect. Yet, visual monitoring remains the most common technique for observifgeresmial streams. An aitetive
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¥5th&086et al., 2024pata

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 compared to previo(Satadiets
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et al.,2021) In future work, a downscaling process could enhance the usabiltilgfrojections for local stakeholders in

water management.

Fourthly, while projections of nflow events often exhibit significant uncertainties when derived directly from digeha
simulated byhydrologicalmodels(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 gauge data, to enhance theingdérstand
smallstream drying dynamics. In this way, despite the divergences between projections induced by climate data, the agreemel

within this multtmodel approach is relatively strong, indicating a consensus toward incre&sihgoughout te 25t century.

5.2 A consistent signal across projections

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

of small streams. These regressions are calibrated andatedidising discharge measurements from gauging stations, and
subsequentlysing discharge simulated from SAFRAN climate data. Following this second calib@t@ttions based on
regressions consistently indicate an increase in avéfband a shiftim 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 ¢Veetier 2.1

These results are consistent with previous studies indicating a tran$itiamy streams from perennial to intermittent regimes
(Jaeger et al., 2014; Reynolds et @D15; Dhungel et al., 2016; Schneider et al., 20k8Yyegions already affected by
intermittence, an increase in the intensity and duration of drying periods is likely, a phenomenon also anticipatedéasther
around the worldJaegeret al, 2014 Dai et al, 2011). Increasing intermittence and decreasing flow rates are observed in
catchmensscale studies: the fraction of time with zero discharge increases from 0.05% to 4.30% in a Swiss Alpine catchment
betweer2020 2040 and 208®100(Halloran et al., 2023)hile the neflowing phase could extend by up to 12 days between
19802009 and 203059 for a catchment in southern ItdBe Girolamo et al., 20227 his trend is also noticeable on a larger
scale, as moroting of gauging stations in five regions with Mediterranean climates around the world between 1980 and 2019
(Carlson et al.2024)and over 452 rivers on the European continent between 1970 an(T28dblay et al 2020 both show

that approximately 30%f 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 of France, discrepancies between -RCM-Hydrological Models prgections result in higher
uncertainties iPFI| projections and pronounced geographical contrasts on themditbasedVIA map (Fig. 10)Part of
these uncertaintiesan be attributed tthe underestimation d®Fl 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 ansadrewinter rainfall and winter
mean flows (for 8 out of &iydrologicalmodel9 and a decrease in summer precipitaijgain et al.,2024; Sauquet et al.,

2024) The annual precipitation by the end of the century remains uncertain, due to the coonpeffifeat between increased
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winter recharge and an increased evapotranspiréRireset al.,2022; Douville et al., 2021 As a result, some hydrological
models predict a shortening of the dry period for certain northern HER2 regions, includinR@fi@r5. Similar uncertainties
are observed along the east coast of the USA, witempitation changes could turn intermittent streams into perennial ones
(Dhungel et al., 2016¥hile alternative climate change scenarios projected that by the 204@simpately half of the streams

in Washington state would shift from snd@d to rainfed, resulting in reduced annual dischafgeidy Liermann et al., 2012)

5.4 Transformation of the snowmelt regime in the Alps

The mountain ranges could be moderatelyciéfé by the increased probability of dry conditions, consistent with our previous
modelling efforts (Sauqueet al, 2021), but our projections anticipate two specific phenomena in these regions. First, the
Pyrenees are more affected than the other mourdaiges, with significant changes impacting the massif and the dependent
basins in southwestern France. Additionally, Alpine HER2s will probably 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 retain less water in summer due to more intezfse and bri
rainstormgRutkowska et al., 2023&n increased summer intermitteris@xpected despite increasing summer precipitations.
Using 16 hydrographic variables describing the magnitude, frequency, timing, duration, and rate of change of the flow regime
at 59 primarily selected sites with a Strahler order of 5, Dhungel et d6Y2(0so observed the reduction in the snowmelt
regime at 2 Rocky Mountain sites under climate change. Halloran et al. (2023) also conclude that groundwater will play an
increasingly important role in ensuring flow in alpine streams and that the shifp&mmnial to intermittent could occur for

alpine streams over the course of the current century.

Furthermore, the reduction of the snowmelt regime in the Alps indicate that we can still make projections consistent with the
literature beyond the calibratieriod (May to September). More generally, the hypothesis of temporal transferability of the
models is a strong assumption in data exploitation, as it assumes that climate models, statistical adjustment methods ar
hydrological models can simulate thehbgiour of the systems they represent in a future hglimeatic context that is very
different from the one in which they were developed (Etiml.,2024). In this context, it is important to recall the risk that

the projections may be underestimatesldamonstrated by the validation of logistic regressions calibrated on wetter years

compared to dry years.

6 Conclusion

This study assesses the changes in the intermittency of river flows across France in the context of climate change. For the fir:
time, multi-model and multscenario hydrelimatic projections are used as a predictor to explore the possible evolution of
the daily probability of flow intermittency at the scale of (level 2) HyomRegionsLeveraging monthly monitoring of

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

into regional proportions of flow intermittence for theS2Entury. Under both RCP 4.5 aBcb scenarios, robust signals
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570 indicate an intensification of dry events, marked by incregsedability of flow intermittene and longer dry periods
throughout the year. These changes are projected to be more pronounced in southern France gwithageainty in the
northern half of the countrilountainareas could remain relatively spared from summer dry periods but shifts in hydrological
regimes are anticipated. By the end of the century under RCP8.5, dry stream phenomena along the @dtatgidadtsurpass
those currently observed in the Mediterranean region by the usual monitoring campaggres/olution of droughts and

575 reduced water availability suggested by these results could lead to significant ecological impacts, includingsaitetiagion
structure and function of freshwater ecosystems (such as changes in microbial activity and habitat loss), shifts iisggil chem

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

Appendix A: Explore2 modelling

Histoo 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-HadGEMZ2ES CNRM-ALADING3 - -
MOHC-HadGEMZ2ES 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-NorESM1-M DMI-HIRHAMS -
NCC-NorESM1-M 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: Senstivity analysis of the duration of flow measurement interval used as input for the logistic regression
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. Boxes represent the quartiles Q1 and Q& th

whiskers extend up to 1.5 times thanterquartile range above Q3 and below Q1 and points located beyond the whiskers are deed
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 calibraind validation were performed using the Leave One Year Out method,
detailed in Sect. 3.3. The model performance was assessed using th@itagEfficiency (KGE) (Gupta et al., 2009). The

595 KGE values for the different HER2 are summarized using boxgtot each tested window size. Theb[j] window was
selected because it corresponds to the highest median KGE score, the narrowest interquartile range, and the highest minimu
KGE.
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Appendix C: Separation of dataset based on dry, intermediate and wet ges

600
The data from ONDE sites used for validation were collected between May and September over 11 years from 2012 to 2022
The robustness of the model was assessed through a validation process involving three sets of dry, intermediate, and wet yea

Foreach test, model calibration was performed using the years excluded from the validation set.

605 The hydrological years are distributed into three equal groups of hydrological years (dry years, intermediate years and we
years) according to the annual ariditglex, 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 et of dry years was formed using hydrological years where potential
evapotranspiration exceeded annual precipitation (Al < 1 for 2017, 2019, and 2022). Two sets were then created: the four yeal

610 with Al greater than 1.4 were classified as wet years (20Q25, 2020 and 2021), and the remaining four years with Al
between 1.15 and 1.37 were classified as intermediate years (2013, 2014, 2016, 2018).

B Wet Intermediate [l Dry

615 19

1.0
620

0.5
625

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 gmulation points

After establishing the models' reliability through validation at secure monitoring stations, the next step involved tixtrapola
which entailed linking these monitoring sites to the nearest simulation points in Explore 2 to projechfatiaiogical
scenarios while preserving the existing data structure. The proximity between the gauging station A and a simulation point in
the Explore2 project is measured by the distance:

‘0"QioM OO D6 OO Mo A (D1)

Here, @6 b6 and & 6 hd 6 are coordinates @ andd (in km), respectively, antvé 1 §Gnd Y6 i §Qare the
drainage areas @f andd, respectively that are used to compute the relative differlgetveeen the drainage areas (absolute
value).
vy ¢ ¢ ® (D2)

S S
The coefficient is used to balance the importance of geographical distance and the relative difference in slirfesesa
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 HydroPdrtkatabase, and the Explore2
simulation points selected for eachydrological model(line 1). Maps on the second and third line respectively show the ratio between
the sum of the catchment areas defined by the gauging stations or the simulation points ahé surface area of the HER2 they

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

& 0kml_+ 1|
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Appendix F: QUALYPSO method

655
QUALYPSO method is applied to the multtenario multmodel ensembles of projections of the natioaaérage of

4 0 "00 (4 0 "O0 "Oi & ¢&)m@ighted by HER2 areas and obtained under RCP 2.6, 4.5 and 8.5 climate change scenarios.
According to Evin et al. (2019), we assume that the variaie’©'O x 0 characterizes the changed 0 "O0 between
a yeardand the control yeab(e.g.,& p w citthis study), for a given combination of RCP scenfi6CM QRCMQ
660 hydrologicalmodel&
4000 {6 @000 jrr © @0 00 frp @
The changeof & 0 "OO can be split up into:
4000 jrp 0 *hRR O iR O
Where
665 -« “xii O is the climate change response of the RCP/GCM/RGHflogicalmodel combindion,
~kif O is the deviation from the climate change response for this RCP/GCM/R@ildgicalmodel combination, as a

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

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

combination can be expressed as:

z \ ‘

Fhh O

. 0O | 0 FT 6 0 —0 -srro

Where

‘ 0 is the ensemble mean climate change response,
675 | 0 isthe man effect of emission scenaridi.e., themean deviation of RCP scenaiffrom’ 0),

I O isthe main effect of GCNQ

[ O is the main effect of RCNQ

— 0 is the main effect dhe hydological modeky

“hRE O *HERO YO0 | O T O | O —0 correspond taesidual terms. For each year- ;i O are
680 assumed to be independent and idetly distributed oveall scenarios, GCMs, RCMs, and hydrological modalsd to

follow normal distributions, with mean 0 and varianceo .
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685

690

695

If « %55 O and—"r O are assumed to be independent, the total varianite @hange variablé 0 "O0 O is given
by:
i N7 T o, e, 3 ’ AL z p ’ e o\ Z 3
WOia 0 00 grp O WO 0 WORRRR O
Where
WO R 0 s the uncertainty associdteo internal varihility of & 0 "O0 (rp 0.
Wk Frp 0 isthe uncertaintin the climate change responsalculated ashe sumof different uncertainty components:

WOk HER O OO O @Ol 6 @dl 6 OOl 0 WdH0  OhkkAk O

RCP uncertaintgo 0] 6 quantifiesthe variabiity in & 0 "O'0 i 0 values across the RCP scenari®pecifically

| O represergthe difference betweenthe mears of & 0 "O0 - O involving eachscenaridnd the overall mean of

a0 "O0 ;i 0 acrossall scenariosThis componenilustrateshow differences between emission scenarios conritmu

the total uncertainty in the projectédd "O'0 yf 0.

Similarly, GCM, RCM andhydrological modelcontributions tod 0 "O'0 ;; 0 uncertainties are characterized by the
variances for GCMsi§ df 0 ), RCMs (0 &} o ), andhydrological modelgd & +—0 ).

Residual variability @ O 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 the Hydroportail 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 Hydroportail database,
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 (202022), logistic regression models estimate Bfe values at HER2 scald=ig. 4). The
median observe®F| across all HER2 and all campaigns is 14.3%4-Q3: 8.4-20.3) while the logistic regression models
yield a median value of 14.49Q1-Q3: 8.5-20.4). With results of the leaxaneyearout crossvalidation, the models explain
73% of thePFI variability according to the NSEQ1-Q3: 64-84%) (Table 1fig. H2), the KGE exceeds 80% in 50 out of 75
HER2 Fig. H2) and the bias is very low.

The models are also able to describe the-ateual variability with the alternation of dry anétyearsig. H1). The median
KGE and NSE scores remain above 0.71 durifgid validations considering dry, intermediate, and wet years for calibration.
RMSE and MAE values do not increase much when the calibration dataset is stratified belmatenconditions, which

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% Le]

- 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
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)

”N

, ‘ 300km;;l Q

Figure H2: Kling-Gupta Efficiency (KGE, line 1), Nash Sutcliffe model efficiency coefficient (NSE, line€?), Bias (line 3), Mean
Absolute Error (MAE, line 4), Root-meansquare error (RMSE, line 5) over the calibration period (20122022)
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755

PFI Nash _ Root Mean
_ Kling Gupta Mean
validation ~ °P%®™V®  Predicted Sl_m_:“ﬁe Efficiency , , Absolute Square
years on ONDE P F @) Efficiency (KGE, Bias (unitless) Error (MAE, Error
network (NSE, . . (RMSE,
) unitless) unitless) .
(%) 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
Wet years 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 yeas 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. The results correspond to the inteHER 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 state computed for each HER2, averaged by mont®1-Q3:

760 first and third quartiles; Min: minimum; Max: maximum
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Appendix | : Model performance using discharge data simulated with SAFRAN

NSE
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Figure 11: Nash Sutcliffe model efficiency coefficient (NSE, line 1), bias (line 2), Meanb&olute Error (MAE, line 3), Root-mean
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 cenury PFI modeling

Hydrological model: CTRIP

Average proportion of zero flow in Shift of the start date Shift of the end date
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Figure J1: Ensemble mediarmPFlz.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 2070-2099under 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
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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 period976:2005 The shift, expressed in week, takespositive value when the duration
of the dry period increasesGrey HER2s had no peria with a PFI >20% during the reference period.
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Average proportion of zero flow in
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Figure J3: 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 ovethe two periods2041-2070and 20762099under 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
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Figure J4: Ensemble mediarmPFl7-10 (columns 1 to 3), and ensemble median shift of the start dafé (columns 4 and 5) and the end

815 date Tl (columns 6 and 7) of the dryperiod over the two periods2041-2070and 20702099 under the three RCPs for the SMASH
hydrological model, relative to the baseline period976:2005 The shift, expressed in week, takespositive value when the duration
of the dry period increases.Grey 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®PBf dynamics at different horizons and under different RCP

scenarios for each hydrological model in HER2 82, 81 and 105. Four contrasting scenarios were highlighted among the
Explore2 climate projections to illustrate a diversity of potential changes under RCP 8.5. These story lines rangerfigom "Stro
warming and strong summer (and annual) drying", selemted one of the most extreme <cli
war ming and precipitation changeo¢ with |l ess pronounced
reduced winter rechargedo and # Hilustrated mete td presantddistiadt hydradogials o n

nuances.
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Figure J5: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for CTRIP hydrological
modelin HER2 12
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Average proportion of zero flows smoothed over 5 days
Hydrological model: GRSD - 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
modelin HER2 12

865 Average proportion of zero flows smoothed over 5 days “‘\
. o
Hydrological model: ORCHIDEE - HER2 12 ! -y
b et
3090 km C
Historic runs (1976-2005) Medium-term Horizon (2041-2070) Long-term Horizon (2071-2100)
B0% B0% #0%
60% B0% 60%
870 @
0% ™ a0y, 0%
o
[}
20% e & 20% ey 20% e
0% W o \__)—/‘—f/ = 0% - - e
/I F M AM | ] ASONTED I F M A M ] ] A S O ND I F M A M | ] A S OND
B0% 80%
875 Climate forcing - 507
n
safran o < a0% 40%
Explore2? projections, ]
including storylines: & 20% 7 ey 20% A
Moderate warming and 0% et & e —
precipitation change P M oAM ) ) A S O ND J FMAMI | ASONT D
880 Dry all year round, 0% 20%
reduced winter recharge
A B0% 0%
— Strong warming and P g
summer drying f“““’“ 0%
— Hot and humid 2o . ;
all seascns 20 7 0 e
0% — 0% == =
J FM A M ] ] ASONTD ] FMAM ] J A S ONTD
885

Figure J7: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for ORCHIDEE
hydrological modelin HER2 12
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Average proportion of zero flows smoothed over 5 days
Hydrological model: SMASH - HER2 12

890
Historic runs (1976-2005) Medium-term Horizon (2041-2070) Long-term Horizon (2071-2100)
H0% BO% B0%
60% 60% 60%
@
™ 40g, 0%
o
@)
0% 20% &
0% 0%
895 B0% 80%
Climate forcing 500 50%
Safran a
Explore? projections,
including storylines:
Moderate warming and
precipitation change
— Dry all year round, s0% 0%
reduced winter recharge
— Strong warming and o
900 summer drying 0%
— Hot and humid .
all seasons 0% 7
= - e — -
J FMAM ] | ASONTD ] FM A M | | A S OMNTD
Figure J8: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for SMASH hydrological
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Average proportion of zero flows smoothed over 5 days
Hydrological model: GRSD - HER2 57
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Figure J10: Time series of the evolution oPFI dynamics at different horizons under different RCP scenaps for GRSD hydrological
modelin 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 modelin HER2 57
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Figure J13: Time series of the evolution dPFI dynamics at different horizons under different RCP scenarios for CRIP hydrological

modelin HER2 81
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Figure J14: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological
modelin HER2 81
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Figure J15: Time series of the evolubn of PFI dynamics at different horizons under different RCP scenarios for 32000 hydrological
modelin HER2 81



1025 Average proportion of zero flows smoothed over 5 days
Hydrological model: ORCHIDEE - 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 modelin HER2 81
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Figure J17: Time series of the evolution ofPFI dynamics at different horizons under different RCP scenarios for SMASH
hydrological modelin HER2 81
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Figure J18: Time series of the evolution dPFI dynamics at different horizons under different RCP scenarios for CTRIP hydrological
modelin HER2 105

Medium-term Horizon (2041-2070) Long-term Horizon (2071-2100)

100%

RCP 2.6

RCP 4.5

RCP 8.5

100%

N

] OF M oA M AS O N D

FMAMI] ] ASOND J FMAM | | ASORND

1090 Figure J19: Time series of the evolution oPFI dynamics at different horizons under different RCP scenarios for GRSD hydrological

modelin HER2 105
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Hydrological model: ORCHIDEE - 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 modelin 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 modelin HER2 105
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Appendix K: Agreement between changes under RCP 4.5

Figure K1: Agreement between projections omPFIz-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 availablel#dtps://github.com/tjaouen/PostDocINRAE

Data availability

The Explore2 streamflow prajdons are available dbttps://entrepot.recherche.data.gouv.fr/dataverse/explaneR are

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