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Abstract. Various methods are available for assessing uncertainties in climate impact studies. Among such methods, model 

weighting by expert elicitation is a practical way to provide a weighted ensemble of models for specific real-world impacts. 30 

The aim is to decrease the influence of improbable models in the results and easing the decision-making process. In this 

study both climate and hydrological models are analyzed and the result of a research experiment is presented using model 

weighting with the participation of 6 climate model experts and 6 hydrological model experts. For the experiment, seven 

climate models are a-priori selected from a larger Euro-CORDEX ensemble of climate models and three different 

hydrological models are chosen for each of the three European river basins. The model weighting is based on qualitative 35 

evaluation by the experts for each of the selected models based on a training material that describes the overall model 

structure and literature about climate models and the performance of hydrological models for the present period. The expert 

elicitation process follows a three-stage approach, with two individual elicitations of probabilities and a final group 
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consensus, where the experts are separated into two different community groups: a climate and a hydrological modeller 

group. The dialogue reveals that under the conditions of the study, most climate modellers prefer the equal weighting of 40 

ensemble members, whereas hydrological impact modellers in general are more open for assigning weights to different 

models in a multi model ensemble, based on model performance and model structure. Climate experts are more open to 

exclude models, if obviously flawed, than to put weights on selected models in a relatively small ensemble. The study shows 

that expert elicitation can be an efficient way to assign weights to different hydrological models, and thereby reduce the 

uncertainty in climate impact. However, for the climate model ensemble, comprising seven models, the elicitation in the 45 

format of this study could only reestablish a uniform weight between climate models. 

1 Introduction 

Uncertainty of future climate projections is a key aspect in any impact assessment, such as hydrological impacts (Kiesel et 

al., 2020; Krysanova et al. 2017). Hydrological impact modelling often involves regional downscaling of global scale 

simulations and bias adjustment of the multiple driving variables for multiple ensemble members of multiple global and 50 

regional climate models, as well as multiple greenhouse gas emission scenarios (Pechlivanidis et al., 2017; Samaniego et al., 

2017). With added uncertainties in each step in this chain (also known as a cascade) (Mitchell and Hulme, 1999; Wilby and 

Dessai, 2010), the number of simulations can quickly become overwhelming and especially, the uncertainty can become 

inflated (Madsen et al., 2017). The end results will contain a mixture of sampled uncertainties stemming from core 

climatological processes, and methodological and statistical influences on the results. 55 

The large computational burden and the huge projection uncertainties are difficult to cope with for practitioners. Therefore, 

decision makers in the water sector using climate services have increasingly demanded a user-friendly, tailored, high-

resolution climate service (Vaughan and Dessai, 2014; Olsson et al., 2016; Jacobs and Street, 2020) that preferably 

incorporates a reduction of computational burden and projection uncertainty (Dessai et al., 2018; Krysanova et al. 2017). 

Information on the confidence of the climate change projection and impacts result is often not sufficiently transparent for 60 

end-users (Schmitt and Well, 2016). This is an important barrier for the implementation of adaptation options (Klein and 

Juhola, 2014; Brasseur and Gallardo, 2016) and constrains the efficiency of climate services. 

There are aspects of climate where some members of a model ensemble can be proven more trustworthy than others, such as 

the simulation of key atmospheric circulation patterns at global or local scale, and specific features of particular importance 

for a case study. It can be argued that these ensemble members should be promoted above others, or given larger weights in 65 

an ensemble statistic, when evaluating the climate change projections. If some climate models have very low trustworthiness 

and in practice can be discarded this reduces the computational requirement. If the models that are discarded or given low 

weight have projections furthest away from the ensemble mean, potentially as a consequence of missing process 

descriptions, model weighting may in addition result in a reduced uncertainty. In this respect there are different traditions in 

the climate and hydrological modelling communities. 70 
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The climate modelling community often prefers using a large ensemble of climate models and ensemble model weighting is 

a controversial issue. Model democracy (Knutti, 2010) is a well-established term in the climate modelling community 

referring to the widespread assumption that each individual model is of equal value and when combining simulations to 

estimate the mean and variance of quantities of interest, they should be unweighted (Haughton et al., 2015). The claim for 

model democracy is supported by the argument that the value of weighting climate models has not been clearly demonstrated 75 

(Christensen et al. 2010; Christensen et al. 2019; Matte et al. 2019; Clark et al. 2016; Pechlivanidis et al. 2017; Samaniego et 

al. 2017), or that model weighting simply adds another level of uncertainty (Christensen et al., 2010). At the same time, in 

recent years, there has been a significant effort on sub-selecting models from the large ensemble of models based on 

different frameworks (diversity, information content, model performance, climate change signal etc.). Here, the argument is 

that model democracy has not been useful for impact modelling with the purpose of adaptation (see investigations in Kiesel 80 

et al. (2020); Pechlivanidis et al. (2018), Wilcke and Bärring (2016), Knutti et al. (2013)). Another practical reason for 

selecting a smaller sub-set of representative ensemble members from the larger ensemble is that impact modelling can be 

computationally and methodologically intensive in case a large number of models has to be applied (Kiesel et al 2020). The 

hydrological modelling community, on the other hand, typically uses a small ensemble of hydrological models (e.g., Giuntoli 

et al., 2015; Karlsson et al., 2016; Broderick et al., 2016; Hattermann et al., 2017) and model weighting using Bayesian 85 

Model Averaging or other methods is quite common and non-controversial (Neumann, 2003; Seifert et al., 2012).  

Climate projections of precipitation (Collins, 2017) and more generally hydrological variables are subject to large 

uncertainty. This has been the motivation for utilizing an expert judgement methodology to assess the impact of model 

uncertainty. Expert judgment techniques have previously been used to estimate climate sensitivity (Morgan and Keith, 

1995), future sea level rise (Bamber and Aspinall, 2013; Horton et al, 2020), credibility of regional climate simulations 90 

(Mearns et al. 2017), and tipping points in the climate system (Kriegler et al., 2009). One such technique, called expert 

elicitation (EE), is frequently used to quantify uncertainties, in decision making or in cases with scarce or unobtainable 

empirical data (Bonano et al., 1989; Curiel-Esparza et al., 2014). However, the application of EE to regional climate change 

has largely been undocumented, underspecified or incipient, with a few exceptions (Mearns et al., 2017). Given the large 

uncertainties in projecting regional and local climate change, Thompson et al. (2016) have argued that subjective expert 95 

judgment should play a central role in the provision of such information to support adaptation planning and decision making. 

Ideally, this kind of expert judgement should be carried out in a strictly defined group of experts dealing with the topics 

addressed by the impact model. 

There are different ways to sub-select more trustworthy members from a large multi model ensemble of climate and impact 

model projections e.g. so-called emergent constraints or observational constraints (Hall et al. 2018). An alternative approach 100 

to looking at model quality for the historical climate focus on to sub-selecting ensemble members spanning the uncertainty 

range related to the future climate change signal (Wilcke and Bärring 2016). Contrary to these quantitative methods, EE is a 

more qualitative technique that assesses the trustworthiness of single members based on the subjective knowledge of experts 

(Ye et al., 2008; Sebok et al., 2016). One possible way to describe the uncertainties of climate models and hydrological 
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impact models is by model weighting where the experts assign probabilities to the different models, which is used to weight 105 

the different members of an ensemble of models (Morim et al. 2019; Risbey and O’Kane, 2011; Chen et al., 2017). In our 

context, EE uses expert judgement and dialogue (intersubjectivity) to assign weights within an ensemble of climate and 

hydrological models for specific real-world applications. Basically, such weights are (inter)subjective and prone to have 

inherent biases (Tversky and Kahneman, 1974), thus they must be derived following a transparent protocol and process 

(Morgan and Keith, 1995; Ye et al., 2008; Bamber and Aspinal, 2013; Sebok et al., 2016; Morim et al. 2019). 110 

Building narratives, for example, in regional climate change through EE is one option (Hazeleger et al., 2015; Stevens et al., 

2016; Zappa and Shephard 2017; Dessai et al., 2018). Thompson et al. (2016) argue that this is needed when providing 

climate service information to support adaptation planning and decision making. Further, several users also need to perform 

in-depth exploration of each step of the chain and for both frequent and more rare events.  

The aim of the present study is to test the EE method to provide weighted ensembles of climate and hydrological models for 115 

specific real-world cases. As a result, this approach will weight and rank those models from the a-priori selected ensemble 

models, which have the highest perceived probability of reliably projecting climate change and hydrological impacts, for 

clearly stated catchment specific issues. This investigation has the following specific objectives: 

 To investigate EE and expert judgement to provide weighted ensembles of climate and hydrological models for 

specific real-world impacts. 120 

 To analyze the individual- and group-elicitation of probabilities in model selection, and the dialogue between 

experts from the two communities (climate and hydrology) and their impact on the individual probabilities. 

 To identify lessons learned regarding the format of the expert elicitation and to identify alternative designs for 

overcoming weaknesses discovered in the EE. 

In Section 2, the case studies and climate and hydrological models are described. Section 3 describes the methods for the EE, 125 

including selection of experts, planning, training and aggregation of results. Section 4 describes the results from the two 

groups (climate and hydrological modelers). Section 5 discusses the EE results along with the aggregated uncertainties from 

the individual and group elicitations and discusses virtual versus in-person workshop. Finally, issues of our EE are discussed 

before concluding in Section 6. 

2 Case studies and climate and hydrological models 130 

2.1 Case studies 

Five case studies distributed across different hydroclimatic zones in Europe were used (Fig. 1). These case studies are 

located in Sweden, Denmark, France and two sites in Spain (Fig. 1). Only the Danish, French and Spanish Guadalfeo river 

catchments’ (cases #2, #3 and #4) were included in the hydrological model assessment. The cases have different aims and, 

therefore, require different information from climate services. Additionally, the sites have contrasting climate and physical 135 

characteristics (Table 1.). For instance, the observed annual precipitation trends are positive for the Swedish and Danish 
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cases and negative for the remaining sites. The experts that participated in the elicitation were given a training material 

document describing the most important characteristics of each case study (see supplementary information). 

2.2 Climate models 

The climate model ensemble consisted of different regional climate model (RCM) combinations from the Euro-CORDEX 140 

initiative (Jacob et al., 2014) available at a 12.5 km x 12.5 km resolution. The RCMs are driven by global climate models 

(GCMs) from CMIP5 (Coupled Model Intercomparison Project Phase 5, Taylor et al., 2012). The model combinations 

selected for the analysis included all models that fulfilled the following criteria (at the time of extraction from ESGF in May 

2019): 

 Scenarios driven by Representative Concentration Pathways (RCP) 2.6, 4.5 and 8.5 (van Vuuren et al., 2011). 145 

 Daily outputs of precipitation, 2-m (mean, maximum and minimum) air temperature, 10-m wind speed and sea level 

pressure. 

 Available coverage for simulation period from at least 1971 to 2099. 

Even though the above criteria might not be relevant for the EE, it integrates different requirements that climate models 

should fulfill to develop a comparable impact assessment. The seven selected climate model combinations (Table 2) were 150 

used for the analysis at all sites. The limited number of climate models also conforms to the limits of the elicitation method 

as previous studies found that experts are expected to make less reliable judgements when ranking more than 7 items (Miller, 

1956; Meyer and Booker, 2001). Detailed performance of the climate models compared to the observations and info3rmation 

on teleconnection patterns/atmospheric variability patterns was given to the experts before the workshop as training material 

(see supplementary material). 155 

2.2 Hydrological models 

Three different hydrological models were used for each of the French, Danish and the Spanish Guadalfeo river case studies 

(Table 3). The selected hydrological models are frequently employed in each of the sites to assess the impacts of climate 

change on hydrology. Here we argue that an assessment of the models, which are commonly used in each site, is more 

relevant than assessing the same ensemble of models at all sites. Consequently, the hydrological models presented here are a 160 

mixture of distributed, physically-based, semi-distributed and lumped conceptual models, depending on the site under 

assessment. The hydrological models used in each site are briefly presented in Table 3Error! Reference source not found.. 

An extensive description of the models and their performance in each of the sites were given to the experts before the 

elicitation as training material (see supplementary material). 
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3 Expert elicitation experimental setup 165 

Expert elicitation is a formal method of uncertainty assessment often used in studies where due to the sparse or unobtainable 

empirical data the experience and subjective opinion of experts is used as additional input (Krayer von Krauss et al., 2004). 

In this study the elicitation comprised a climate and hydrological modelling perspective with a similar aim to find the models 

with the highest probability of reliably projecting climate change and climate change impacts within a model ensemble. 

Initially, the EE was planned to take place in March 2020 in the form of a joint in-person workshop, where climate and 170 

hydrological modelling experts could have participated both in plenary and topical sessions and discussions. However, due 

to the outbreak of the COVID-19 pandemic, a virtual setting with two separate workshops was adopted even though expert 

elicitation is traditionally conducted in the form of in-person sessions. The elicitation took place in form of virtual 

workshops on 25-26 May 2020 for climate modelling experts and for hydrological modelling experts on 3-4 June. The 

separation of climate and hydrological modelers at the workshops hindered discussions that were planned to take place 175 

between the two groups of experts. On the other hand, moving the elicitation to a virtual platform gave an excellent 

opportunity to explore how virtual elicitation could work in the future. 

Even though the elicitation was moved from in-person to a virtual platform, the training material and the elicitation structure 

remained as originally planned. The elicitation was centered around a questionnaire which the experts were asked to fill in 

during three consecutive elicitation steps. The first two steps included individual evaluations while the last step comprised a 180 

group elicitation where experts were asked to reach consensus about the questionnaires (Fig. 2). 

3.1 Selection of experts 

During the planning of the elicitation study, 18 selected experts were invited to contribute to the elicitation and altogether 12 

experts had accepted to participate in the study by December 2019. The two virtual workshops were planned with the 

participation of these 12 experts; 6 hydrology and 6 climate experts. 185 

The role of the experts was to provide the knowledge necessary to assess members of climate or hydrological model 

ensembles through individual assessment and group discussions. These experts were selected based on recommendations 

from the partner institutes of the research project. As a requirement, the experts were previously not affiliated with the 

elicitation experiment, but some degree of familiarity to the geographical area of at least one of the case studies was 

expected. Correspondingly, for the hydrological modelling experts, experience with at least one of the hydrological models 190 

was regarded as an additional selection criterion. After the second individual round of elicitation, one hydrological modelling 

expert decided to leave the study, thus only the five remaining experts participated in the group elicitation. The probabilities 

assigned by this expert are included in the results of the study. 
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3.2 Formulating elicitation questions 

The elicitation both for the climate and hydrological models had the same approach taking place in three consecutive 195 

elicitation steps including both individual and group elicitation (Fig. 2). During each step, the experts were asked to fill in a 

questionnaire (see supplementary material). A separate questionnaire was developed for the climate and hydrological 

modelling experts following the same principles. The questionnaire was composed of two separate blocks of progressively 

quantitative questions. 

The first block was aimed at making the experts conscious about the elicited climate and hydrological models by asking for 200 

their assessment on modelling concepts, structures and assumptions that can influence the models’ ability to predict climate 

or hydrological processes under future conditions and thus influence the probability assigned to the models. This block 

included questions where the experts first had to make a qualitative assessment of the elicited models, then were asked to 

rank the models according to their capabilities in predicting future climate and specific hydrological (or related) processes in 

the study areas. Answers to this block of questions were only elicited during the first two individual steps of the elicitation, 205 

but not during the group elicitation (Fig. 2). 

Eliciting answers to the second block of questions was the main purpose of elicitation, where experts were expected to assign 

probabilities to the climate and hydrological models for each case study. It was possible to assign zero probability to models, 

while the total probability assigned to models had to equal 1.  

This progressively quantitative approach of first making qualitative assessment, then ranking (block 1) and finally assigning 210 

probabilities (block 2) was chosen to ease the experts into making decisions on model probabilities, as studies have shown 

that it comes more naturally to experts to make qualitative assessment or ranking than assign probabilities (Goossens and 

Cooke, 2001). The purpose of the iterative structure was two-fold, firstly it gave an opportunity to the experts to revise their 

opinions, secondly it also enabled consistency checks of the individual experts’ answers. 

3.3 Planning the elicitation 215 

Step 1 of the elicitation was an individual elicitation, where experts were asked to fill in a questionnaire (Fig. 2). It was 

expected that experts would use their previous experience, intuitive knowledge about the hydrological/climate models and 

also rely on the training material provided by the workshop organizers. The completed questionnaires were supposed to be 

returned a week before the workshop. Nine experts returned the first questionnaire before the proposed date, while three 

experts delivered them just before the online workshops two months later, thus some experts had a fresher memory of the 220 

questionnaire when filling it out again during the workshop. 

In Step 2, experts were asked again to individually fill in the questionnaires at the end of the first day of the virtual workshop 

(Fig. 2). It was assumed that the presentation of the case studies, climate and hydrological models and the discussions of the 

anonymous results of the first individual round of elicitation during the workshop would potentially clarify issues, provide 
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the experts with new ideas introduced by fellow experts and give the experts an opportunity to re-evaluate their initial 225 

opinion. The results of this elicitation round could also reflect on how the experts influence each other. 

In Step 3, as a last step of the elicitation process (Fig. 2), the climate and hydrological modelling experts were asked to 

participate in a moderated discussion with the aim of reaching consensus on the probabilities assigned for each model for the 

specific case studies. The discussions were moderated by scientists of the AquaClew project, with one moderator for the 

climate group and three moderators with specific knowledge about modelling in each hydrological model case study for the 230 

hydrological modeller group. Participants of the research project were also listening to the conversation helping the 

moderator with comments or suggestions for questions in the background unnoticed by the participating experts. Prior to the 

group elicitation, experts were also shown the anonymous results of the second individual elicitation round, followed by a 

short discussion. Between each round of elicitation, the anonymous results of the previous elicitation round were shown to 

the experts and experts were given the opportunity to discuss and comment on the results (Fig. 2). 235 

3.4 Training of the experts on the case studies and elicitation 

A training material describing the concept and the aim of EE, case study catchments, the climate models and the 

hydrological models was sent to the experts four months prior to the workshops (see supplementary material). In the training 

material, the scientists of the AquaClew project described all case studies and both the climate and hydrological models in a 

similar manner with the same indicators of model performance, which are based on comparing their simulation skill to 240 

observational datasets. Even though such comparison is common to assess the simulation skill of Euro-CORDEX climate 

models (e.g., Kotlarski et al., 2014; Casanueva et al., 2016), it is acknowledged that there is a degree of uncertainty coming 

from the observation datasets (e.g., Herrera et al., 2019; Kotlarski et al., 2017). It was requested that experts familiarize 

themselves with this training material and if suitable, include it in their assessment during the elicitation. 

During the first day of the workshop, the case studies were again presented to the experts, who were also reminded about the 245 

concept of EE and the biases that could influence their judgement during the elicitation (Fig. 2). The most common biases 

that were expected to occur during the elicitation (overconfidence, anchoring, availability and motivational bias) were also 

demonstrated. It was emphasized that the method relies on the experts’ subjective assessment based on prior knowledge and 

experience and the general impressions of the training material. Questions could also be skipped in case the experts were not 

comfortable answering. 250 

3.5 Aggregation of results 

As the aim of the elicitation was to assign probabilities for both climate and hydrological models to assess which ones are 

deemed to be most reliable in describing climate change and climate change impacts, only the second block of questions 

eliciting probabilities will be presented in detail. Both for the climate and hydrological models, the probabilities were elicited 

three times, twice individually leading to a mathematical aggregation, and at last as a group elicitation involving behavioral 255 

aggregation (Fig. 2) where the group of experts had to reach consensus.  
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For the first two rounds of elicitation, the individual assessment of experts was used to calculate the 50th percentile of the 

probability distribution for each model following the process described by Ayyub (2001). For this, the six probabilities given 

by the experts for a specific model were first ranked in decreasing order, then the arithmetical mean of the third and fourth 

highest probability was used to calculate the 50th percentile of the probability distribution for the specific model (Eq. (1)): 260 

Q = (X3+X4)/2            (1) 

where the arithmetical mean of the third (X3) and fourth (X4) highest probability of the ranked expert probabilities is used to 

calculate the 50th percentile of the probability distribution (Q) for each model. As the 50th percentile of the probability 

distribution was calculated for each model independently, the sum of 50th percentiles within the model ensembles will not 

necessarily be equal to 1.  265 

Results from the group elicitation were obtained by discussion, where the six climate and five hydrological modelling 

experts managed to reach consensus on the second day of the virtual workshops (Fig. 2). The group elicitation comprises 

more than assigning probabilities, which is the direct output, it is also an expert inquiry or dialogue, which eventually can be 

used for bringing in new ideas or identifying new issues for inquiry.  

4 Results 270 

As the first block of qualitative questions was only aimed at preparing the experts to make quantitative decisions on model 

probabilities, only the probability results for the second block of quantitative questions will be presented (see questionnaire 

in the supplementary material).  

4.1 Aggregated probabilities – Hydrological model results 

As for the hydrological modelling group, both the number of case studies and the number of models in the hydrological 275 

ensembles was lower, results will first be shown for this group. The individual results from step 1 and 2 of the elicitation 

were aggregated mathematically, while for step 3 the group discussion led to behavioral aggregation (Fig. 2).  

Probabilities for the three models in the French case study had little spread compared to the other case studies (Fig. 3a). For 

the first individual elicitation, the GR4J model was assigned the highest 50th percentile of probabilities with 0.35. The 

experts assigned a slightly lower value of 0.33 to GR6J, while TOPMO got 0.3. During the second round of individual 280 

elicitation, all models were assigned the same 50th percentile probability of 0.33. The third group elicitation made a slight 

differentiation of the models, again the GR4J and GR6J models both got a consensus probability of 0.35 and 0.35, 

respectively, while TOPMO was assigned a probability of 0.3 (Fig. 3a, Table 4). 

For the first round of individual elicitation in the Danish case study, the 50th percentile of probabilities was the highest for 

the Two-Layer model with 0.40, slightly lower for the Richards’ equation with 0.35, and considerably lower for the Gravity 285 

flow model with 0.20 (Fig. 3b). The ranking remained the same for the second round of individual elicitation with a slight 

change in probabilities as four out of six experts revised their probability values. Thus, the Two-Layer model had the highest 
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50th percentile of 0.38, while the probabilities of the Richards’ equation model remained approximately the same and 

probabilities for the Gravity flow model increased to 0.25. In the third round of elicitation, the group of hydrological 

modelling experts reached a consensus about the model probabilities assigning a probability of 0.38 to the Two-Layer 290 

model, 0.35 for the Richards’ equation model and 0.27 for the Gravity flow model (Fig. 3b, Table 4).  

In the Spanish case, the first round of individual elicitation resulted in a 50th percentile of 0.45 for the SWAT model, while 

the WiMMed model was assigned a value of 0.42, the HYPE model was clearly deemed the least probable model (Fig. 3c). 

In the second round of individual elicitation the assigned probabilities for the HYPE model slightly increased to 0.25, while 

the experts differentiated more clearly the SWAT and WiMMed models, assigning the highest probabilities of 0.40 to the 295 

WiMMed model. This distribution of probabilities was maintained also in the third round of elicitation where the group 

assigned a consensus probability of 0.45, 0.30 and 0.25 to the WiMMed, SWAT and HYPE models, respectively (Fig. 3c). 

The experts of the hydrological modeller group gave variable probabilities to all models of the ensemble although for the 

French case the probabilities had a small spread (Fig. 3a). None of the experts assigned zero probability to models. In 

summary, expert judgement about hydrological models stayed rather stable along the multiple steps of the elicitation. 300 

Although discussions between experts led to small adjustments in the probabilities of a few models (e.g. HYPE and SWAT 

in the Spanish case study), the overall model ranking did not change through the elicitation steps Fig. 3). The experts also 

reached a consensus rather easily as a group in the last phase. The willingness to assign variable probabilities and the ease 

with which the experts reached consensus in the last step of elicitation could also be attributed to the small number of models 

in the ensemble or because they found it easy to develop a constructive consensus process. For instance, for the Spanish 305 

case, the expert who had more experience developing studies in the area gave a detailed explanation on why and how he/she 

assigned the probabilities to the models. Even though the expert explained and shared strong motives, the other experts were 

also involved in the discussion, exchanging comments and finally reaching a consensus that gave probabilities close (but not 

the same) to the ones assigned by the expert that detailed his/her selection process.  

4.2 Mathematically aggregated probabilities – Climate model results 310 

For the Danish case study, when calculating the 50th percentile of the probabilities given by experts for the seven climate 

models, the highest probability of 0.21 was assigned to the EC-EARTH-CCLM GCM-RCM modelling chain in the first 

round, and of 0.19 to the EC-EARTH-RACMO model combination in the second individual round of elicitation (Fig. 4a). 

The lowest probability of both the first and second round of individual elicitation was assigned to the models EC-EARTH-

RCA4 and MPI-ESM RCA4 with values of 0.09 and 0.08, respectively (Table 5). 315 

For the French case study, the EC-EARTH-CCLM GCM-RCM combination had the highest 50th percentile probability, 

respectively 0.20 and 0.18, for both rounds of individual elicitation, whereas in the second round of elicitation the MPI-

ESM-REMO models was also assigned a similarly high calculated probability value (Fig. 4b). The MPI-ESM-RCA4 

received the lowest probability of 0.10 in the first individual round of elicitation, while the EC-EARTH-RACMO obtained a 

similarly low probability in the second round of elicitation (Table 5).  320 
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For the Spanish Sierra Nevada case study of water resource allocation, the 50th percentile of probabilities was the highest for 

the EC-EARTH-CCLM and HadGEM-RACMO models in the first round with a value of 0.14 (Fig. 4c). While in the second 

round, the highest probability was 0.16 for the EC-EARTH-CCLM models. The MPI-ESM-RCA4 model combination 

received the lowest probability of 0.08 for both individual elicitation rounds (Table 5).  

For the Granada case study of fluvial and coastal interactions in Spain, the MPI-ESM-RCA4 combination received the 325 

lowest probabilities of 0.08-0.09 for both individual elicitation rounds (Table 5). The 50th percentile was the highest for EC-

EARTH-RACMO models in the first round with a probability of 0.15. In the second individual round both the EC-EARTH-

CCLM and EC-EARTH-RACMO combinations were ranked the highest with probabilities of 0.16 for 50th percentile of 

probabilities (Fig. 4d).  

For the Swedish case study, the 50th percentile of probabilities was the highest for the HadGEM-RACMO combination with 330 

0.18 and 0.19 in the first and second elicitation round, respectively (Fig. 4e). The EC-EARTH-RCA4 combination was 

assigned the lowest probabilities of 0.08-0.1 in both elicitation rounds (Table 5). 

During the first two rounds of elicitation, Expert 3 gave equal probability to each of the climate models irrespective of the 

case study, while another expert also assigned zero probability to several climate models and a very high probability to 

others or, in the two Spanish case studies, zero to all the listed climate models. The remaining four experts gave varying 335 

probabilities to the climate models depending on the case studies (Fig. 4). It is assumed that the six experts had two different 

approaches to assign probabilities to climate models. Experts 3, 5 and 6 assigned all model combinationss of the ensemble, 

irrespective of the case study, the same probability values or values only slightly different from equal probability, while the 

other three experts had a wider range of probability values. This distinction between the approaches is most apparent for the 

two Spanish case studies (Fig. 4c, d) and could probably related to the potential influence of snow and wind in these two 340 

case studies as mentioned by several experts during the group discussion. 

4.3 Change of probabilities between the two individual elicitation rounds 

Individual expert opinions were elicited in two consecutive steps (Fig. 2), thus giving an opportunity to experts to revise 

their opinion. This revision in individual opinions could be due to a change in opinion as new ideas were introduced by other 

experts or also to a clearer understanding of elicitation concepts, notions or elicitation questions. This revision of subjective 345 

opinions however is deemed necessary in the iterative elicitation approach. 

Considering the climate modelers, two or three out of six experts changed their opinion between the first and second round 

of individual elicitation depending on the case study. Experts 1 and 2 made the largest changes in their probability 

assessment between the elicitation rounds (Fig. 4). The largest change in probability was recorded for the French case study 

by Expert 2, while for the Spanish case study of fluvial and coastal interactions the change between the first and second 350 

elicitation rounds was minimal. For the hydrological modellers, three or four experts out of six altered their assigned 

probabilities also depending on the case study (Fig. 3). The expert leaving the study did not wish to modify the assigned 

probabilities based on the input of the workshop. The largest change in assigned probabilities was observed for Expert 4 in 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



12 
 

the Spanish case study. The smallest change between elicitation rounds was observed in the French case study, where only 

Expert 3 made large changes in the probability distribution (Fig. 3a). 355 

Compared to the climate modeller group, the hydrological modeling experts were more willing to change their opinion 

between the elicitation rounds and also issued larger changes in probabilities. This could be due to the lower number of 

models in the ensemble or to the fact that differences between the assigned probabilities between the experts were smaller. 

4.4 Behavioural aggregation of probabilities – reaching consensus 

In the last step of elicitation (Fig. 2), the groups were asked to reach a consensus about the probabilities of the ensemble 360 

members for each case study, thus expert opinion was expressed through a behavioural aggregation. For the climate modeller 

group, in the group elicitation step the experts reached a consensus where all climate models within the ensemble had the 

same probability of 0.14 for each case study (Fig. 4), reflecting that it is not possible to differentiate the reliability of model 

ensemble members to project climate change based on the available information on their ability to simulate past climate. 

This result agrees with the individual opinion of Expert 3, who maintained an equal-probability approach throughout the 365 

entire elicitation study. Thus, the opinion of this expert clearly influenced the group decision, while Expert 5 and 6 also 

showed a similar approach assigning only slightly different probabilities to the ensemble members in the first two elicitation 

rounds (Fig. 4). At the same time, instead of ranking the members of the model ensemble, the experts raised the idea of 

potentially excluding some models which were deemed to be less likely. Due to the influence of snow in the French and one 

of the Spanish Guadalfeo river catchment case studies, the experts had a lengthy discussion about potentially downranking 370 

some climate models due to temperature biases, but finally stated that the observational basis was too weak to support the 

rejection of any of the models. 

Our assumption is that this change in results between the second round of individual elicitation and group elicitation can 

mostly be attributed to the principles of model democracy and to the fact that weighting of ensemble members is a 

controversial issue in scientific literature with recent research on the methods of optimal weighting of local to regional scale 375 

climate models. This also encompasses that climate experts were not comfortable with the EE methodology as a potential 

way of assigning weights to individual climate models. This could be due to a general lack of confidence due to the 

subjectivity of the method, an unfortunate phrasing of the aim and questions of elicitation, a lack of time or as raised by 

some of the experts the lack of relevant information in the training material. Some experts were concerned that the model 

performance information provided in the training material was not sufficiently relevant to judge the model performance for 380 

the specific case studies and therefore did not serve as a robust basis for downranking individual models. 

In the hydrological modellers group, the experts assigned variable probabilities to the models, keeping the ranking of the 

individual elicitation rounds (Fig. 3). It was observed that some experts had a geographical expertise about the case study 

areas or some of the models in the ensemble (as was required as an expert selection criterion). During the group discussion, 

the experts were candid about their expertise and the group took advantage of this specialized knowledge when reaching 385 

consensus about probability values. Thus, while some experts were more involved in group decisions than others for specific 
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case studies, there was not one expert who dominated the whole discussion. The opposite was also observed, experts who did 

not have previous experience with a member of the model ensemble clearly accepted the group opinion without trying to 

influence it. This kind of influence or lack of arguments was mostly observed in relation to the models of the ensemble and 

not the geographical experience with the case study areas. As a general conclusion, hydrological modelling experts were 390 

more willing to acknowledge that all models may not have an equal probability to predict changes in a future climate, while 

also trying to accommodate EE as a potential method to assign probabilities to hydrological models. 

The group consensus results were also compared to the results of the second elicitation round. For the hydrological 

modelling experts, the 50th percentile of the probability distribution had similar results to the group consensus, with the 

largest difference of 0.065 in probability for the SWAT model for the Spanish case study (Fig. 3). The ranking of model 395 

probabilities did not change between the second individual elicitation round and the group consensus, however the relative 

difference in the probability of the models was revised (Table 4). Due to this slight change and the discussion which allowed 

a better understanding of challenges in relation to the models and geographical areas, it is assumed that the group discussion 

was a necessary part of the elicitation despite the minor changes in probabilities. In the case of the climate modelling group, 

it was only during the last step of group elicitation where the collective opinion of climate modellers transpired leading to 400 

equal probabilities to all members of the climate model ensemble (Table 5). Therefore, it can be concluded that the 

elicitation could not have been successfully made in less steps as it would not have truthfully reflected the opinion of climate 

experts. 

During the discussion of the elicitation results, the hydrological modelling experts expressed their doubts about assigning 

probabilities to the models as the models’ capability to project future hydrological processes depends on the parameterization 405 

and the purpose of the case study. Here, it was questioned if the experts are assigning similar probabilities, because the 

models have a similar capability of predicting future hydrological processes, or because they cannot distinguish between the 

models. Such could be the case for the Danish case study where the same hydrological modelling software was used with a 

different representation of the unsaturated zone and evapotranspiration. 

In both the hydrological and climate modeller groups, peer-pressure was present as all experts wished to reach a consensus 410 

by the end of the allocated timeframe. This was especially observed at the hydrological modelling group, where experts 

assigned variable probabilities to the models, thus having a lengthier discussion for each case study. Even though the climate 

modelling experts first agreed to assign equal probability to all climate models for each case study, they nevertheless had 

discussions if some members of the climate model ensemble could have slightly differing probability values. A factor 

frequently mentioned, most likely leading to variable probabilities, was the representation of snow by the climate model, 415 

when relevant for the case study. 
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5 Discussion 

5.1 Expert elicitation as a tool for uncertainty assessment 

EE is frequently used to quantify uncertainties in decision making in case of scarce or unobtainable empirical data (Bonano 

et al., 1989; Curiel-Esparza et al., 2014). In the context of this study, EE is used to assign weights to an ensemble of climate 420 

and hydrological models to identify more trustworthy models. The main advantage of using EE probabilities instead of 

“objective tests” is for the obvious reason that no data exist for the unknown future. Of course, by using historical data, it 

may be possible to perform numerical tests for present conditions or also past changes (Refsgaard et al., 2014; Kiesel et al., 

2020). In a climate change context however, these tests are not entirely reliable, due to the large uncertainties associated with 

future climate projections. Moreover, expert elicitation as conducted in this study as a dialogue between experts in a group 425 

setting, incorporates more than just the subjective, individual opinion of different experts in the uncertainty assessment. 

Through an individual elicitation, experts can work with unpredictability and incomplete knowledge, but in a group 

elicitation and dialogue, experts can in addition exchange and deal with multiple knowledge frames and modify their opinion 

on the basis of common knowledge (Brugnach et al., 2009). Hereby, EE can potentially provide additional information 

compared to quantitative approaches.  430 

Another advantage of expert elicitation could be that it is computationally not demanding, as it is based on previously 

acquired knowledge, such as already existing models. Thus, it could require less time to obtain some results about the 

capability of models to reliably predict climate change than to run several models in an ensemble, calculating comparable 

statistics and in case of hydrological models, also calibrating the models. At the same time, due to its subjectivity, expert 

elicitation is also prone to biases. In this study, anchoring was observed as some experts did not wish to revise their initial 435 

opinion about probabilities. This bias is however considered of small importance for the hydrological modelling part as the 

final results were reached during the group discussion which is independent of the experts’ initial opinion. For the climate 

modeller group, the final results agree with the principles of model democracy assigning equal weight to all models of the 

ensemble, reflected by three experts who maintained this opinion throughout the elicitation, thus potentially influencing the 

outcome of the group discussion. 440 

Our study suggests that expert elicitation can be a suitable methodology to assign probabilities to hydrological models 

applied for climate change impact assessments as these probabilities are variable and robust across the expert panel and 

across the different elicitation steps and discussions (Table 4). This finding is in line with Ye et al. (2008) who used expert 

elicitation to assign probabilities to recharge models used to simulate regional flow systems. The results from using expert 

elicitation to discriminate between climate models were less conclusive. As during the group discussion, experts were not 445 

willing to rank or even exclude climate models of the ensemble, expert elicitation in the form of our study is not suitable to 

select a subset of GCM-RCM climate change projections for the future based on their performance in reproducing aspects of 

the historical climate. 
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5.2 Different outcomes from the climate and hydrological model groups 

Even though the elicitation questionnaire had the same approach and structure both for the climate and hydrological 450 

modeller groups, there is a distinct difference in the reception of the elicitation methodology and the responses to the 

questionnaire between the climate and hydrological modeller groups. With the exception of the expert who left the study 

after the first day of the workshop, hydrological modellers were more ready to assign variable probabilities to different 

hydrological models acknowledging that some models have a higher probability to correctly project climate change when 

using the same climate model input. At the same time, climate modelling experts agreed that based on the information 455 

available at the elicitation all climate models should have equal probability of accurately projecting the future climate, thus, 

an ensemble could reach a wide range of potential climate projections. However, in the climate modelling community there 

is currently a significant effort on sub-selecting or weighting models based on suitable quantitative information (Wilcke and 

Bärring 2016; Donat et al., 2018; Hall et al., 2019) and for impact studies with adaptation purposes such approaches is 

widely accepted among modellers (Krysanova et al., 2018). 460 

This difference between the approach of the climate and hydrological modelling group could have several reasons. There are 

many hydrological model codes in use and research groups routinely create, develop, or modify model codes according to 

their site-specific modelling purposes (Pechlivanidis et al., 2011). Thus, some model codes are only used by a small fraction 

of the hydrological modelling community. As an example, in the hydrological model ensemble for the Danish case study, all 

models had the same basis, only the conceptualization of the unsaturated zone was different. In contrast, as the climate 465 

models are applied at regional to global scales with increasing computational demand, there are fewer models in use often 

sharing common parametrizations. These climate models also frequently require collaboration of research groups and 

generally applied on much coarser spatial scales. 

Hydrological models are typically used to make quantitative predictions. Thus, they are calibrated by optimizing model 

parameter values and only accepted as suitable if they reasonably match observation data. Classical hydrological modelling 470 

studies use one hydrological model code to make predictions, but in recent decades there is an increasing tendency for model 

intercomparison studies (Dankers et al., 2014; Krysanova et al., 2017; Christierson et al. 2012; Chauveau et al. 2013; 

Giuntoli et al. 2015; Vidal et al. 2016; Warszawksi et al., 2014) attempting to evaluate model uncertainties or which model 

codes are the most suitable for making such predictions. This also means that hydrological modellers are used to the idea of 

evaluating model results or even assigning weights to models. Climate models often stem from short-term forecast models, 475 

however, with a shift in emphasis from an initial value problem to a boundary condition problem, which also shifts focus 

from calibration to the predicted surface variables to the main energy and water budget and main climate processes (Hourdin 

et al., 2017). We note that the initial value problem is again introduced in decadal predictions (Boer et al., 2016; Meehl et al., 

2021), however, here we focus on the applications to long term climate change. Therefore, the kinds of uncertainties 

typically explored in a climate model ensemble relate to the climate processes, and not so much to bias in surface parameters 480 

used in hydrology. A climate model may have merit in describing the changing climate, even if it displays bias in the 
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historical period. Still, several studies have investigated different means of reducing the climate model ensemble by their 

inter-dependencies (e.g. Knutti et al., 2013), their bias in specific variables (e.g. Christensen et al., 2010), or by the 

information content in individual ensemble members (e.g. Pechlivanidis et al., 2018). Studies that attempt sub-selection of 

climate models generally find a strong dependence on the variables used, location, season and future scenario (Wilcke and 485 

Bärring, 2016, Pechlivanidis et al., 2018).   

One of the key findings from the EE experiment was that the climate modellers were reluctant to discriminate or assign 

probabilities for the different climate models. Instead, they agreed on assigning equal weights. When taking a closer look on 

the discussion in the climate model group, it becomes clear that this finding is conditional to the information about case 

studies and hydrological models presented in the training material. Experts lacked a more comprehensive material potentially 490 

including model evaluation data on simulated changes and variabilities supplying available information given on mean states 

and biases. Additional need for information such as on representative of surface energy balance, large-scale atmospheric 

circulation, representation of cloudiness was mentioned. In this elicitation study evaluating climate models proved to be a 

task that requires a broader view of model specificities than the information relative to the cases studies provided in the 

training material. For this reason, expecting experts of the climate groups to assess different weights to the models was 495 

possibly inadequate. 

Another feedback from the dialogue in the climate modeller group was that seven climate models is not enough, and that 

more information / a matrix is required for providing probabilities (anonymous quotes): 

Individually they [the climate models] only make sense when the rest of them is also there… doing a probability 

assessment for these, there is no objective way to do that, the only objective way to go ahead is to say…ok, we have 500 

a set of seven experiments, in order to make sense of any one of them, all the other ones have to be there as well…in 

the sense that we don’t have a qualifier to disregard any of the models, we have to accept all of them. 

This exercise reminds me about …the ENSEMBLES project [note: Hewitt et al., 2005]. If we really want to provide 

a weight, we need to have a matrix… we don’t have a matrix we only have our gut feeling…I don’t think at this 

point we can really provide numbers… I found really small differences between different models… 505 

The climate modellers supposedly would have been much more willing to give specific advice based on expert elicitation in 

case they would have had many more models to work from. Whether they would recommend removing some of the worst 

models from an ensemble is a possibility. Instead, we searched another way forward by asking the climate modellers for 

their recommendation if they should select a subset of models. Below answers from three experts are quoted about selecting 

only four models from an ensemble of seven: 510 

There are quite many people working on that. How to select from different ensembles…span some kind of 

uncertainty ranges in different dimensions…not just look whether models are realistic or not, but also looking at 

some kind of span, looking at ranges…  
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My advice would be that you don’t use models. You just tell your gut feeling about the result, and that is as good as 

any model, because four models will not provide robust information...I would not bet my property on four 515 

models…You need a much more qualified information… 

It is not a proper way to portray uncertainty… 

We believe that with a different design for the expert elicitation that provides climate experts with more information on 

hydrological impact simulations and aims at clarifying how to best select a few RCM projections that best sample the spread 

of climate projections, the elicitation could potentially have resulted in down-ranking some model combinations of the 520 

ensemble. The conclusion of our study is that in this expert elicitation setting climate modellers deem each climate model to 

have equal probability and are extremely unlikely to exclude or down-rank any climate model unless they are without doubt 

inappropriate. Instead of model democracy, impact studies in practice are recommended to use a range of subset of available 

climate models to reduce computational time and effort (Wilcke and Bärring, 2016). For sub-selecting models, more 

objective methods than the present elicitation study are preferred. 525 

6 Conclusion 

As part of the AquaClew research project an expert elicitation experiment with a group of six climate model experts and 

another group of six hydrological model experts was carried out in May-June 2020 in a virtual setting. The aim of the 

elicitation was to assign weights to members of climate and hydrological model ensembles following a strict, multi-step 

protocol including two steps of individual and one final step of group elicitation with the same structure but separate sessions 530 

for climate and hydrological modelers. 

The experiment resulted in a group consensus among the climate modellers that all models should have an equal probability 

(similar weight) as it was not possible to discriminate between single climate models, while also maintaining the importance 

of using as many climate models as possible in order to cover the full uncertainty space in climate model projection. The 

hydrological modellers also reached consensus after the group elicitation. However, the agreement here did result in different 535 

probabilities for the three hydrological models in each of the three case studies. For the hydrological modellers, the final 

group consensus results did not differ significantly from the results of the second individual elicitation round. Based on the 

results of this study, expert elicitation can be an efficient way to assign weights to hydrological models, while for climate 

models, the elicitation in the format of this study only re-established model democracy. 

Due to the Covid-19 pandemic we were forced to shift the setting from an in-person to a virtual workshop. We conclude that 540 

the design and protocol used for the expert elicitation was satisfactory also in the virtual setting, where the new virtual 

platforms provide an alternative to in-person meetings. However, the virtual setting was more demanding for the moderators 

to ensure the equal engagement of each participating expert and for all participants due to practical issues of working from 

home in the very early stages of the pandemic. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



18 
 

Author contribution 545 

ES, HJH, EPZ, JCR, PB and CP designed the study, ES, HJH, EPZ, PB, GT, AL, ALL, CP, RP and PRG assembled the 

scientific material, organized the expert elicitation workshop. EK, JHC, JPV, PLP, MGD, GB, MJP, SS, YC, IGP and LTR 

acted as experts in the elicitation workshop. ES analyzed the results, ES, HJH, EPZ, PB, GT, AL, ALL, CP, RP, PRG and 

JCR discussed the results, ES, HJH and EPZ prepared the manuscript and all authors contributed on the review of the 

manuscript. 550 

Acknowledgements 

This work was funded by the project AquaClew, which is part of ERA4CS, an ERA-NET initiated by JPI Climate and 

funded by FORMAS (SE), DLR (DE), BMWFW (AT), IFD (DK), MINECO (ES), ANR (FR) with co-funding by the 

European Commission [Grant 69046]. The contribution of P. Lucas-Picher was supported by the French National Research 

Agency under the future investment program ANR-18-MPGA-0005. Rafael Pimentel acknowledges funding by the Modality 555 

5.2 of the Programa Propio-2018 of the University of Cordoba and the Juan de la Cierva Incorporación program of the 

Ministry of Science and Innovation (IJC2018-038093-I). Rafael Pimentel and María J. Polo are members of DAUCO, Unit 

of Excellence ref. CEX2019-000968-M, with financial support from the Spanish Ministry of Science and Innovation, the 

Spanish State Research Agency, through the Severo Ochoa and María de Maeztu Program for Centers and Units of 

Excellence in R&D. 560 

References 

Aguilar, C. and Polo, M. J.: Generating reference evapotranspiration surfaces from the Hargreaves equation at watershed 

scale, Hydrol. Earth Sys. Sci., 15, 2495-2508, 2011. 

Abbott, M. B., Bathurst, J. C., Cunge, J. A., O'Connell, P. E. and Rasmussen, J.: An introduction to the European 

Hydrological System—Systeme Hydrologique Europeen, SHE. 2 Structure of a physically-based distributed modelling 565 

system, J. Hydrol., 87, 61–77, 1986. 

Arnold, J. G., Srinivasan R., Muttiah R. S., and Williams J. R.: Large-area hydrologic modeling and assessment: Part I. 

Model development, JAWRA, 34(1), 73-89, 1998. 

Ayyub, B. M.: Elicitation of Expert Opinion for Uncertainty and Risks, CRC Press, LLC, FL, 2001. 

Bamber, J. L. and Aspinall, W. P.: An expert judgement assessment of future sea level rise from the ice sheets, Nature Clim. 570 

Change, 3, 424-427, 2013. 

Beven, K. J. and Kirkby, M. J.: A physically based, variable contributing area model of basin hydrology / Un modèle à base 

physique de zone d'appel variable de l'hydrologie du bassin versant, Hydrol. Sci. Bull., 24(1), 43-69, 

doi:10.1080/02626667909491834, 1979. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



19 
 

Boer, G. J., Smith, D. M., Cassou, C., Doblas-Reyes, F., Danabasoglu, G., Kirtman, B., Kushnir, Y., Kimoto, M., Meehl, G. 575 

A., Msadek, R., Mueller, W. A., Taylor, K. E., Zwiers, F., Rixen, M., Ruprich-Robert, Y., and Eade, R.: The Decadal 

Climate Prediction Project (DCPP) contribution to CMIP6, Geosci. Model Dev., 9, 3751–3777, doi:10.5194/gmd-9-3751-

2016, 2016. 

Bonano, E. J., Hora S. C., Keeney R. L., and von Winterfeldt D.: Elicitation and use of expert judgment in performance 

assessment for high-level radioactive waste repositories, NUREG/CR-5411, U.S. Nucl. Regul. Comm., Washington, D. C., 580 

1989. 

Brasseur, G. P. and Gallardo, L.: Climate services: Lessons learned and future prospects, Earth’s Future, 4, 79–89, 

doi:10.1002/2015EF000338, 2016. 

Broderick, C., Matthews, T., Wilby, R. L., Bastola, S. and Murphy, C.: Transferability of hydrological models and ensemble 

averaging methods between contrasting climatic periods, Water Resour. Res., 52(10), 8343-8373, 2016. 585 

Brugnach, M., Henriksen, H. J., van der Keur, P. and Mysiak. J. (eds): Uncertainty in adaptive water management. Concepts 

and guidelines, NeWater. University of Osnabrück. Germany. 2009. 

Casanueva, A., Kotlarski, S., Herrera, S., Fernández, J., Gutiérrez, J. M., Boberg, F., Colette A., Christensen O. B., Goergen 

K., Jacob D., Keuler K., Nikulin G., Teichmann C. and Vautard, R.: Daily precipitation statistics in a EURO-CORDEX 

RCM ensemble: added value of raw and bias-corrected high-resolution simulations, Clim. Dyn., 47(3), 719-737, 2016. 590 

Chauveau, M., Chazot, S., Perrin, C., Bourgin, P. Y., Eric, S., Vidal, J. P., Rouchy, N., Martin, E., David, J., Norotte, T., 

Maugis, P. and Lacaze, X.:2013).: What will be the impacts of climate change on surface hydrology in France by 2070?, La 

Houille Blanche, 1-15, doi:10.1051/lhb/2013027, 2013. 

Chen, J., Brissette, F. P., Lucas-Picher, P., and Caya, D.: Impacts of weighting climate models for hydro-meteorological 

climate change studies, J. Hydrol., 549, 534-546, 2017. 595 

Christensen J. H., Kjellström E., Giorgi F., Lenderink G. and Rummukainen M.: Weight assignment in regional climate 

models, Clim. Res., 44, 179-194, doi: 10.3354/cr00916, 2010. 

Christensen J. H., Larsen M. A. D., Christensen O. B., Drews M. and Stendel M.: Robustness of European Climate 

Projections from Dynamical Downscaling, Clim. Dyn., 53, 4857–4869, doi: 10.1007/s00382-019-04831-z, 2019. 

Christierson, B. V., Vidal, J. P. and Wade, S. D.: Using UKCP09 probabilistic climate information for UK water resource 600 

planning, J. Hydrol., 424-425, 48-67, doi:/10.1016/j.jhydrol.2011.12.020, 2012. 

Clark, M. P., Wilby R. L., Gutmann E. D., Vano, J. A., Gangopadhyay, S., Wood, A. W., Fowler, H. J., Prudhomme, C., 

Arnold, J. R. and Brekke, L.D.: Characterizing uncertainty of the hydrologic impacts of climate change, Current Climate 

Change Report, 2, 55, doi:10.1007/s40641-016-0034-x, 2016. 

Collins, M.: Still weighting to break the model democracy, Geophys. Res. Lett. 44(7), 3328-3329, 605 

doi:10.1002/2017GL073370, 2017. 

Curiel-Esparza, J., Cuenca-Ruiz M. A., Martin-Utrillas M. and Canto-Perello J.: Selecting a sustainable disinfection 

technique for wastewater reuse projects, Water, 6, 2732–2747, doi:10.3390/w6092732, 2014. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



20 
 

Dankers, R., Arnell, N. W., Clark, D. B., Falloon, P. D., Fekete, B. M., Gosling, S. N., Heinke J., Kim H., Masaki Y., Satoh 

Y., Stacke T., Wada Y. and Wisser, D.: First look at changes in flood hazard in the Inter-Sectoral Impact Model 610 

Intercomparison Project ensemble, Proceedings of the National Academy of Sciences, 111(9), 3257-3261, 2014. 

Dessai S., Conway D., Bhave A. G. and Garcia-Carreras, L.: Building narratives to characterize uncertainty in regional 

climate change through expert elicitation, Environ. Res. Lett., April 2018, doi:10.1088/1748-9326/aabcdd, 2018. 

Donat M. G., Pitman A. J. and Angélil, O.: Understanding and Reducing Future Uncertainty in Midlatitude Daily Heat 

Extremes Via Land Surface Feedback Constraints, Geophys. Res. Lett., 45(19), 10627-10636, 2018. 615 

Goossens, L. H. J. and Cooke, R.M.: Expert judgement elicitation in risk assessment, in: Proceedings, Linkov, I. and Palma-

Oliveria, J. (Eds.), 411-426, Kluwer Academic Publishers, 2001. 

Graham, D. N. and Butts M. B.: Flexible, integrated watershed modelling with MIKE SHE, In: Watershed Models, Singh V. 

P. and Frevert D. K. (eds.), 245-272, CRC Press. ISBN:0849336090, 2005. 

Green, W. H. and Ampt, G. A.: Studies in soil physics: I. The flow of air and water through soils, J. Agric. Sci., 4, 1-24, 620 

1911. 

Giuntoli, I., Vidal, J.-P., Prudhomme, C., and Hannah, D. M.: Future hydrological extremes: the uncertainty from multiple 

global climate and global hydrological models, Earth Syst. Dyn., 6, 267-285, doi:10.5194/esd-6-267-2015, 2015. 

Hall, A., Cox, P. M., Huntingford, C. and Williamson, M. S.: Emergent constraint on equilibrium climate sensitivity from 

global temperature variability, Nature, 553, 319–322, 2018. 625 

Hall, A., Cox, P., Huntingford, C. and Klein, S.: Progressing emergent constraints on future climate change, Nature Clim., 

Change, 9, 269-278, doi: 10.1038/s41558-019-0436-6, 2019. 

Hattermann, F. F., Krysanova, V., Gosling, S. N. et al.: Cross‐scale intercomparison of climate change impacts simulated by 

regional and global hydrological models in eleven large river basins, Clim. Change, 141(3), 561-576, 2017. 

Haughton, N., Abramowitz, G., Pitman, A. and Phipps, S. J.: Weighting climate model ensembles for mean and variance 630 

estimates, Clim. Dyn. 45, 3169-3181, 2015. 

Hazeleger, W., van den Hurk, B. J. J. M., Min, E., van Oldenborgh, G. J., Petersen, A. C., Stainforth, D. A., Vasileiadou, E. 

and Smith, L. A.: Tales of future weather, Nature Clim. Change, 5 (2), 107-113, ISSN 1758-678X, 2015. 

Herrera, S., Kotlarski, S., Soares, P. M., Cardoso, R. M., Jaczewski, A., Gutiérrez, J. M. and Maraun, D.: Uncertainty in 

gridded precipitation products: Influence of station density, interpolation method and grid resolution, Int. J. Climat., 39(9), 635 

3717-3729, 2019. 

Herrero, J., Polo, M. J., Monino, A. and Losada, M. A.: An energy balance snowmelt model in a Mediterranean site, J. 

Hydrol, 371(1-4), 98-107, 2009. 

Hewitt, C. D.: The ENSEMBLES project: providing ensemble-based predictions of climate changes and their impacts, 

EGGS Newslett, 13, 22-25, 2015. 640 

Horton, B. P., Khan, N. S., Cahill, N. et al.: Estimating global mean sea-level rise and its uncertainties by 2100 and 2300 

from an expert survey, . npj Clim Atmos Sci 3, 18, doi:10.1038/s41612-020-0121-5, 2020. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



21 
 

Hourdin F., Mauritsen T., Gettelman A., Golaz J. C., Balaji V., Duan Q., Folini D., Ji D., Klocke D., Qian Y., Rauser F., Rio 

C., Tomassini L., Watanabe M. and Williamson D.: The art and science of model tuning, Bulletin of the American 

Meteorological Society, 98 (3), 589-602, doi: 10.1175/BAMS-D-15-00135.1, 2017. 645 

Jacob, D., Petersen, J., Eggert, B., Alias, A., Christensen, O.B., Bouwer, L.M., Braun, A., Colette, A., Déqué, M., 

Georgievski, G., Georgopoulou, E., Gobiet, A., Menut, L., Nikulin, G., Haensler, A., Hempelmann, N., Jones, C., Keuler, K., 

Kovats, S., Kröner, N., Kotlarski, S., Kriegsmann, A., Martin, E., van Meijgaard, E., Moseley, C., Pfeifer, S., Preuschmann, 

S., Radermacher, C., Radtke, K., Rechid, D., Rounsevell, M., Samuelsson, P., Somot, S., Soussana, J.-F., Teichmann, C., 

Valentini, R., Vautard, R. and Weber, B.: EUROCORDEX: New high-resolution climate change projections for European 650 

impact research, in: Regional Environmental Changes, Vol. 14 (2), 563-578, doi: 10.1007/s10113-013-0499-2, 2014 

Jacobs, K. L. and Street, R. B.: 2020. The next generation of climate services, Climate Services, 20, December 2020, 

100199, doi:10.1016/j.cliser.2020.100199, 2020. 

Karlsson, I. B., Sonnenborg, T. O., Refsgaard, J. C., Trolle, D., Børgesen, C. D., Olesen, J. E., Jeppesen, E. and Jensen, K. 

H.: Combined effects of climate models, hydrological model structures and land use scenarios on hydrological impacts of 655 

climate change, J. Hydrol., 535, 301-317, doi:10.1016/j.jhydrol.2016.01.069, 2016. 

Kiesel, J., Stanzel, P., Kling, H., Fohrer, N., Jähnig, S. C. and Pechlivanidis, I.: Streamflow-based evaluation of climate 

model sub-selection methods, Climatic Change, 163, 1267–1285, doi:10.1007/s10584-020-02854-8, 2020. 

Klein, R. J. T and Juhola, S.: A framework for Nordic actor-oriented climate adaptation research, Environm. Sci. and Policy, 

40, 101-115, 2014. 660 

Knutti, R.: The end of model democracy?, Clim. Change, 102(3–4), 395–404, doi:10.1007/s10584-010-9800-2, 2010. 

Knutti R., Masson D. and Gettelman A.: Climate model genealogy: Generation CMIP5 and how we got there, Geophys. Res. 

Lett., 40(6), 1194-1199, doi: 10.1002/grl.50256, 2013. 

Kotlarski, S., Keuler, K., Christensen, O. B., Colette, A., Déqué, M., Gobiet, A., Goergen, K., Jacob, D., Lüthi, D., van 

Meijgaard, E., Nikulin, G., Schär, C., Teichmann, C., Vautard, R., Warrach-Sagi, K., and Wulfmeyer, V.: Regional climate 665 

modeling on European scales: a joint standard evaluation of the EURO-CORDEX RCM ensemble, Geosci. Model Dev., 7, 

1297–1333, https://doi.org/10.5194/gmd-7-1297-2014, 2014. 

Kotlarski, S., Szabó, P., Herrera García, S., Räty, O., Keuler, K., Soares, P. M. M., Cardoso, R., Bosshard, T., Page, C., 

Boberg, F., Gutiérrez, J., Isotta, F., Jaczewski, A., Kreienkamp, F., Liniger, M., Lussana, C. and Pianko-Kluczynska, K.: 

Observational uncertainty and regional climate model evaluation: A pan-European perspective, International J. Climat., 39, 670 

10.1002/joc.5249, 2017. 

Krayer von Krauss, M., E. A. Casman, and Small M. J.: Elicitation of expert judgements of uncertainty in the risk 

assessment of herbicide-tolerant oilseed crops, Risk Anal., 24(6), 1515–1527, 2004. 

Kriegler, E., Hall, J. W., Held, H., Dawson R. and Schellnhuber H. J.: Imprecise probability assessment of tipping points in 

the climate system, Proceedings of the National Academy of Sciences, 106, 5041–5046, 2009. 675 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



22 
 

Kristensen, K. J. and Jensen, S. E.: A model for estimating actual evapotranspiration from potential evapotranspiration, 

Hydrol. Res., 6(3), 170-188, 1975. 

Krysanova, V., Vetter, T., Eisner, S. et al.: Intercomparison of regional-scale hydrological models in the present and future 

climate for 12 large river basins worldwide - A synthesis, Environ. Res. Lett., 12, 105002, doi:10.1088/1748-9326/aa8359, 

2017. 680 

Krysanova, V., Donnelly, C., Gelfan, A., Gerten, D., Arheimer, B., Hattermann, F. and Kundzewicz, Z. W.: How the 

performance of hydrological models relates to credibility of projections under climate change, Hydrological Sciences 

Journal, 63:5, 696-720, doi: 10.1080/02626667.2018.1446214, 2018. 

Le Moine, N.: Le bassin versant de surface vu par le souterrain: une voie d'amélioration des performances et du réalisme des 

modèles pluie-débit? (Doctoral dissertation, Doctorat Géosciences et Ressources Naturelles, Université Pierre et Marie Curie 685 

Paris VI), 2008. 

Lindström G., Pers, C., Rosberg, J., Strömqvist, J. and Arheimer, B.: Development and testing of the HYPE (Hydrological 

Predictions for the Environment) water quality model for different spatial scales, Hydrol. Res., 41 (3-4), 295–319, 

doi:10.2166/nh.2010.007, 2010. 

Madsen, M. S., Langen, P. L., Boberg, F. and Christensen, J. H.: Inflated uncertainty in multimodel‐based regional climate 690 

projections, Geophys. Res. Lett., 44, 11,606–11,613, doi:10.1002/2017GL075627, 2017. 

Matte, D., Larsen, M. A. D., Christensen, O. B. and Christensen, J. H.: Robustness and scalability of regional climate 

projections over Europe, Front. Environ. Sci., 6, doi:10.3389/fenvs.2018.00163, 2019. 

Mearns, L. O., Bukovsky, M. S. and Schweizer, V. J.: Potential Value of Expert Elicitation for Determining Differential 

Credibility of Regional Climate Change Simulations: An Exercise with the NARCCAP co-PIs for the southwest monsoon 695 

region of North America, Bulletin Of The American Meteorological Society, 98, 29-35, doi:10.1175/BAMS-D-15-00019.1, 

2017. 

Meehl, G. A., Richter, J. H., Teng, H. et al.: Initialized Earth System prediction from subseasonal to decadal timescales, Nat 

Rev Earth Environ, 2, 340–357, doi:10.1038/s43017-021-00155-x, 2021. 

Meyer, M. A. and Booker, J. M.: Eliciting and Analyzing Expert Judgment: A Practical Guide, ASA-SIAM Series on 700 

Statistics and Applied Probability, 2001. 

Michel, C., Perrin, C. and Andreassian, V.: The exponential store: a correct formulation for rainfall—runoff modelling, 

Hydrological Sciences Journal, 48(1), 109-124, doi:10.1623/hysj.48.1.109.43484, 2003. 

Miller, G. A.: The magical number seven, plus or minus two: some limits on our capacity for processing information, 

Psychological Review, 63, 81-97, 1956. 705 

Mitchell, T. D. and Hulme, M.: Predicting regional climate change: living with uncertainty, Progress in Physical Geography, 

23(1), 57-78, 1999. 

Monteith, J. L., Szeicz, G. and Yabuki, K.: Crop Photosynthesis and the Flux of Carbon Dioxide Below the Canopy, J. 

Applied Ecology, 1(2), 321-337, 1964. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



23 
 

Morgan, M. G. and Keith, D. W.: Climate-Change - Subjective Judgments by Climate Experts, Environ. Sci. Technol., 29, 710 

A468-A476, 1995. 

Morim, J., Hemer, M., Wang, X.L. et al.: Robustness and uncertainties in global multivariate wind-wave climate projections, 

Nat. Clim. Chang. 9, 711–718, doi:10.1038/s41558-019-0542-5, 2019. 

Neuman, S. P.: Maximum likelihood Bayesian averaging of uncertain model predictions, Stochastic Environmental Research 

and Risk Assessment, 17(5), 291-305. doi:10.1007/s00477-003-0151-7, 2003. 715 

Olsson, J., Arheimer, B., Borris, M., Donnelly, C., Foster, K., Nikulin, G., Persson, M., Perttu, A.-M., Uvo, C.B., Viklander, 

M. and Yang, W.: Hydrological Climate Change Impact Assessment at Small and Large Scales: Key Messages from Recent 

Progress in Sweden, Climate, 4, 39, doi:10.3390/cli4030039, 2016. 

Pechlivanidis, I. G., Jackson, B., McIntyre, N., and Wheater, H. S.: Catchment scale hydrological modelling: A review of 

model types, calibration approaches and uncertainty analysis methods in the context of recent developments in technology 720 

and applications, Global NEST Journal, 13(3), 193–214, 2011. 

Pechlivanidis, I. G., Arheimer, B., Donnelly, C., Hundecha, Y., Huang, S., Aich, V., et al.: Analysis of hydrological 

extremes at different hydro-climatic regimes under present and future conditions, Climatic Change, 141(3), 467–481, 

doi:10.1007/s10584-016-1723-0, 2017. 

Pechlivanidis, I. G, Gupta H. and Bosshard T.: An Information Theory Approach to Identifying a Representative Subset of 725 

Hydro-Climatic Simulations for Impact Modeling Studies, Water Resour. Res., 54 (8), 5422-5435, doi: 

10.1029/2017WR022035, 2018. 

Penman, H.L.: Natural evaporation from open water, baresoil and grass, Proceedings of Royal Society London, 193,120–

145, 1948. 

Polo, M. J., Herrero, J., Aguilar, C., Millares, A., Moñino, A., Nieto, S. and Losada, M.: WiMMed, a distributed physically‐730 

based watershed model (I): Description and validation, in Environmental Hydraulics: Theoretical, Experimental & 

Computational Solutions, 225–228, CRC Press, United States, 2009. 

Perrin, C.: Vers une amélioration d’un modèle global pluie-débit au travers d’une approche comparative, PhD Thesis, INPG, 

Grenoble, 530 pp., 2000. 

Perrin, C., Michel, C. and Andréassian, V.: Improvement of a parsimonious model for streamflow simulation, J. Hydrol., 735 

279, 275-289, doi: 10.1016/S0022-1694(03)00225-7, 2003. 

Pimentel, R., Herrero, J., and Polo, M. J.: Subgrid parameterization of snow distribution at a Mediterranean site using 

terrestrial photography, Hydrol. Earth Syst. Sci., 21, 805–820, doi:10.5194/hess-21-805-2017, 2017. 

Refsgaard, J. C., Madsen, H., Andreassian, V., Arnbjerg-Nielsen, K., Davidson, T. A., Drews, M., Hamilton, D. P., 

Jeppesen, E., Kjellström, E., Olesen, J. E., Sonnenborg, T. O., Trolle, D., Willems, P. and Christensen, J. H.: A framework 740 

for testing the ability of models to project climate change and its impacts, Climatic Change, 122(1), 271-282, 2014. 

Risbey, J. S. and O’Kane, T. J.: Sources of knowledge and ignorance in climate research, Climatic Change, 108, 755-773, 

2011. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



24 
 

Samaniego, L., Kumar, R., Breuer, L., Chamorro, A., Flörke, M., Pechlivanidis, I. G., et al.: Propagation of forcing and 

model uncertainty into hydrological drought characteristics in a multi-model century-long experiment in continental river 745 

basins, Climatic Change, 141(3), 435–449. doi:10.1007/s10584-016-1778-y, 2017. 

Samuelsson, P., Jones, C., Willén, U., Ullerstig, A., Gollvik, S., Hansson, U., Jansson, C., Kjellström, E., Nikulin, G. and 

Wyser, K.: The Rossby Centre Regional Climate Model RCA3: model description and performance, Tellus 63A. doi: 

10.1111/j.1600-0870.2010.00478.x, 2011. 

Schmitt, P. and van Well, L.: Territorial governance across Europe. Pathways, practices and prospects, Routledge, London, 750 

doi:10.4324/9781315716220, 2016. 

Sebok, E., Refsgaard, J. C., Warmink, J. J., Stisen, S. and Jensen, K. H.: Using expert elicitation to quantify catchment water 

balances and their uncertainties, Water Resour. Res., 52, 5111-5131, 2016. 

Seifert, D., Sonnenborg, T. O., Refsgaard, J. C., Højberg, A. L. and Troldborg, L.: Assessment of hydrological model 

predictive ability given multiple conceptual geological models, Water Resour. Res., WR011149, 755 

doi:10.1029/2011WR011149, 2012. 

Stevens, B., Sherwood, S. C., Bony, S. and Webb, M. J.: Prospects for narrowing bounds on Earth's equilibrium climate 

sensitivity, Earth's Future, 4, 512-522, 2016. 

Taylor, K. E., Stouffer, R. J. and Meehl, G.A.: An overview of CMIP5 and the experiment design, Bulletin of the American 

Meteorological Society, 93 (4), 485-498, doi: 10.1175/BAMS-D-11-00094.1, 2012. 760 

Thompson, E., Frigg, R. and Helgeson, C.: Expert Judgment for Climate Change Adaptation, Philosophy of Science, 83, 

1110-1121, 2016. 

Tversky, A. and Kahneman, D.: Judgment under Uncertainty: Heuristics and Biases, Science, New Series, 185, 4157, 1124-

1131, 1974. 

Valéry, A., Andréassian, V., and Perrin, C.: As simple as possible but not simpler: What is useful in a temperature-based 765 

snow-accounting routine? Part 2 – Sensitivity analysis of the Cemaneige snow accounting routine on 380 catchments, J. 

Hydrol., 517, 1176-1187, doi:10.1016/j.jhydrol.2014.04.058, 2014. 

Van Vuuren, D. P., Edmonds, J., Kainuma, M., Riahi, K., Thomson, A., Hibbard, K., Hurtt, G.C., Kram, T., Krey, V., 

Lamarque, J.F. and Masui, T.: The representative concentration pathways: an overview, Climatic Change, 109(1-2), 5. 

doi:10.1007/s10584-011-0148-z, 2011. 770 

Vaughan, C. and Dessai, S.: Climate services for society: origins, institutional arrangements, and design elements for an 

evaluation framework, WIREs Clim Change,5, 587–603, 2014. 

Vidal, J.-P., Hingray, B., Magand, C., Sauquet, E., and Ducharne, A.: Hierarchy of climate and hydrological uncertainties in 

transient low-flow projections, Hydrol. Earth Syst. Sci., 20, 3651–3672, https://doi.org/10.5194/hess-20-3651-2016, 2016. 

Warszawski, L., Frieler, K., Huber, V., Piontek, F., Serdeczny, O., and Schewe, J.: The inter-sectoral impact model 775 

intercomparison project (ISI–MIP): project framework, Proceedings of the National Academy of Sciences, 111(9), 3228-

3232, 2014. 

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



25 
 

Wilby, R. L. and Dessai, S.: Robust adaptation to climate change, Weather, 65, 180-185, doi:10.1002/wea.543, 2010 

Wilcke, R. and Bärring, L.: Selecting regional climate scenario for impact modelling studies, Environmental Modelling 

Software, 78, 191–201, doi:10.1016/j.envsoft.2016.01.002, 2016. 780 

Yan, J. and Smith, K. R.: Simulation of integrated surface water and groundwater systems – model formulation, JAWRA 

Journal of the American Water Resources Association, 30(5), 879-890, 1994. 

Ye, M., Pohlmann, K. F., Chapman, J. B.: Expert elicitation of recharge model probabilities for the Death Valley regional 

flow system, J. Hydrol., 354, 102–115, 2008. 

Zappa, G. and Shepherd, T. G.: Storylines of Atmospheric Circulation Change for European Regional Climate Impact 785 

Assessment, Journal of Climate, 30, 6561-6577, 2017. 

  

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



26 
 

Case study 

location 
Sweden Denmark France 

Guadalfeo, 

Spain 

Granada, 

Spain 

Aim of the 

assessment 

Climate 

change 

impacts on the 

biodiversity 

Climate 

change 

impacts on the 

foundation of 

agricultural 

production 

Climate 

change 

impacts on 

hydropower 

production 

and water 

management 

for other uses 

Climate 

change 

impacts on the 

allocation of 

water for 

tourism, 

agriculture 

and energy 

Changes in 

physical 

processes such 

as sea waves, 

fluvial 

discharges and 

sediment 

transport 

Area (km2) 10,000 1,124 3,580 530,5  

Precipitation 

(mm/yr) 
741 1,003 1,055 745 460 - 630 

Temperature 

(Celsius) 
5.6 8.8 3.2 12.5 - 

Wind speed 

(m/s) 
- - - - 18-22 

Wind waves 

(km) 
- - - - 200 - 300 

Table 1. Aim of the different study cases along with their physical and observed climate characteristics 
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GCM RCM Realization (Member #) 

EC-EARTH RACMO22E 12 

EC-EARTH CCLM4-8-17 12 

EC-EARTH RCA4 12 

HadGEM2-ES RCA4 1 

HadGEM2-ES RACMO22E 1 

MPI-ESM-LR RCA4 1 

MPI-ESM-LR REMO2009 1 and 2 

Table 2 Climate model ensemble used for expert elicitation. The realization (member #) column denotes the version of initial 790 
conditions. 
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Site Models Characteristics References 

Denmark 

MIKE-SHE: 

Two-layer  

 Physically-based, integrated and fully distributed model at a resolution of 250m x 
250m 

 The model divides the unsaturated zone into a root zone and a zone below the 
root zone 

 Vertical flow depends on the storage of the unsaturated zone, ignoring the delay 
in the flow 

 Actual evapotranspiration is a function of the potential evapotranspiration and the 
soil moisture content 

Abbott et al., 1986; 

Graham and Butts, 

2005; Yan and Smith, 

1994 

MIKE-SHE: 

Gravity 

flow  

 Physically-based, integrated and fully distributed model at a resolution of 250m x 
250m 

 Based on the continuity equation and Darcy’s law 
 Vertical flow only depends on the force of gravity 
 Actual evapotranspiration is a function of vegetation and the soil moisture content 

Abbott et al., 1986; 

Graham and Butts, 

2005; Kristensen and 

Jensen, 1975 

MIKE-SHE: 

Richards’ 

equation 

 Physically-based, integrated and fully distributed model at a resolution of 250m x 
250m 

 Based on the continuity equation and Darcy’s law 
 Vertical flow depends on the soil moisture retention and hydraulic conductivity 
 Actual evapotranspiration is a function of vegetation and the soil moisture content 

Abbott et al., 1986; 

Graham and Butts, 

2005; Kristensen and 

Jensen, 1975 

France 

GR4J 
 Lumped conceptual model with four parameters 
 Water balance controlled by actual evapotranspiration and groundwater 
 Snowmelt is simulated using the two-parameter CemaNeige model 

Perrin et al., 2003; 

Valéry et al., 2014 

GR6J 

 Lumped conceptual model with six parameters 
 Modified version of GR4J that allows a change of the direction of the exchange 

and adds a conceptual store 
 Snowmelt is simulated using the two-parameter CemaNeige model 

Perrin, 2000; Le 

Moine, 2008; Valéry 

et al., 2014 

TOPMO 

 Lumped conceptual model adapted from TOPMODEL with seven parameters 
 Water balance controlled by evaporation from interception and groundwater 

reservoirs 
 Simulates runoff combining heterogeneous time response flows from exponential 

and quadratic routing stores 
 Snowmelt is simulated using the two-parameter CemaNeige model 

Michel et al., 2003; 

Beven and Kirvy, 

1979; Valéry et al., 

2014 

Spain 

(Guadalfeo 

River) 

HYPE 

 Semi-distributed conceptual model 
 Infiltration is estimated using a water table discrimination model  
 Evaporation is estimated using the modified Hargreaves-Samani method 
 Snowmelt is simulated using three decay factors related to temperature, radiation 

and fractional snow cover 

Lindström et al., 2010; 

Samuelsson et al., 

2011 

SWAT 

 Semi-distributed conceptual model 
 Infiltration is estimated using the Green and Ampt method for a single soil layer 
 Evapotranspiration is estimated using the Penman-Monteith method 
 Snowmelt is simulated using the degree-day method 

Arnold et al., 1988; 

Green and Ampt,1911; 

Penman 1948; 

Monteith et al., 1964 

WiMMed 

 Distributed physically-based model 
 Infiltration is estimated using the Green and Ampt method for a two-soil layer  
 Evapotranspiration is estimated using the Penman-Monteith method 
 Snowmelt is simulated using a punctual energy and mass balance extended to cell 

scale using depletion curves 

Polo et al., 2009; 

Aguilar et al., 2011, 

Herrero et al., 2009, 

Pimentel et al., 2017,  

Table 3 Hydrological models used in each of the study sites  
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Danish case 

study 

Step 1 50th 

percentile 

Step 2 50th 

percentile 
Group consensus 

Two-Layer 0.4 0.38 0.38 

Gravity flow 0.2 0.25 0.27 

Richards’ 

equation 
0.35 0.35 0.35 

French case 

study 

Step 1 50th 

percentile 

Step 2 50th 

percentile 
Group consensus 

GR4J 0.35 0.33 0.35 

GR6J 0.33 0.33 0.35 

TOPMO 0.30 0.33 0.3 

Spanish case 

study 

Step 1 50th 

percentile 

Step 2 50th 

percentile 
Group consensus 

HYPE 0.18 0.35 0.25 

SWAT 0.45 0.37 0.30 

WiMMed 0.42 0.40 0.45 

Table 4 Assessed probabilities by hydrological model experts 
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Danish case study Step 1 50th percentile Step 2 50th percentile Group consensus 

1-EC-EARTH-CCLM 0.21 0.16 0.14 

2-EC-EARTH-RACMO 0.13 0.19 0.14 

3-EC-EARTH-RCA4 0.09 0.08 0.14 

4-HadGEM-RACMO 0.18 0.17 0.14 

5-HadGEM-RCA4 0.14 0.14 0.14 

6-MPI-ESM RCA4 0.09 0.08 0.14 

7-MPI-ESM REMO 0.14 0.14 0.14 

French case study Step 1 50th percentile Step 2 50th percentile Group consensus 

1-EC-EARTH-CCLM 0.20 0.18 0.14 

2-EC-EARTH-RACMO 0.12 0.10 0.14 

3-EC-EARTH-RCA4 0.11 0.13 0.14 

4-HadGEM-RACMO 0.15 0.15 0.14 

5-HadGEM-RCA4 0.12 0.14 0.14 

6-MPI-ESM RCA4 0.10 0.12 0.14 

7-MPI-ESM REMO 0.15 0.18 0.14 

Spanish case study 1 SN Step 1 50th percentile Step 2 50th percentile Group consensus 

1-EC-EARTH-CCLM 0.14 0.16 0.14 

2-EC-EARTH-RACMO 0.13 0.15 0.14 

3-EC-EARTH-RCA4 0.12 0.14 0.14 

4-HadGEM-RACMO 0.14 0.14 0.14 

5-HadGEM-RCA4 0.13 0.14 0.14 

6-MPI-ESM RCA4 0.08 0.08 0.14 

7-MPI-ESM REMO 0.09 0.09 0.14 

Spanish case study 2 G Step 1 50th percentile Step 2 50th percentile Group consensus 

1-EC-EARTH-CCLM 0.14 0.16 0.14 

2-EC-EARTH-RACMO 0.15 0.16 0.14 

3-EC-EARTH-RCA4 0.11 0.10 0.14 

4-HadGEM-RACMO 0.15 0.15 0.14 

5-HadGEM-RCA4 0.14 0.10 0.14 

6-MPI-ESM RCA4 0.09 0.09 0.14 

7-MPI-ESM REMO 0.11 0.12 0.14 

Swedish case study Step 1 50th percentile Step 2 50th percentile Group consensus 
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1-EC-EARTH-CCLM 0.14 0.18 0.14 

2-EC-EARTH-RACMO 0.14 0.15 0.14 

3-EC-EARTH-RCA4 0.10 0.09 0.14 

4-HadGEM-RACMO 0.18 0.19 0.14 

5-HadGEM-RCA4 0.14 0.16 0.14 

6-MPI-ESM RCA4 0.11 0.12 0.14 

7-MPI-ESM REMO 0.14 0.15 0.14 

Table 5 Assessed probabilities by climate model experts 
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Fig. 1 The location of case studies within Europe. Only cases 2, 3 and 4 are included in the hydrological modelling part of the 
expert elicitation 800 
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Fig. 2 Flow chart of the expert elicitation process  

  

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



34 
 

 805 

Fig. 3 Probabilities assigned by the experts for the three alternative hydrological model structures in the French (a), Danish (b) 
and Spanish(c) case studies after first and second individual rounds and group elicitation 

  

https://doi.org/10.5194/hess-2021-597
Preprint. Discussion started: 23 December 2021
c© Author(s) 2021. CC BY 4.0 License.



35 
 

 

Fig. 4 Probabilities assigned by the experts to the seven selected climate models in the Danish (a), French (b), Spanish Sierra 810 
Nevada (c), Spanish Granada (d) and Swedish (e) case studies after the first and second individual elicitation and for the group 
elicitation 
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