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Abstract. Predicting the response of hydrologic systems to modified driving forces, beyond patterns that have occurred in

the past, is of high importance for estimating climate change impacts or the effect of management measures. This kind of

predictions requires a model, but the impossibility of testing such predictions against observed data makes it difficult to es-

timate their reliability. Metamorphic testing offers a methodology for assessing models beyond validation with real data. It

consists of defining input changes for which the expected responses are assumed to be known at least qualitatively, and to5

test model behavior for consistency with these expectations. To increase the gain of information and reduce the subjectivity

of this approach, we extend this methodology to a multi-model approach and include a sensitivity analysis of the predictions

to training or calibration options. This allows us to quantitatively analyse differences in predictions between different model

structures and calibration options in addition to the qualitative test to the expectations. In our case study, we apply this ap-

proach to selected conceptual and machine learning hydrological models calibrated to basins from the CAMELS data set. Our10

results confirm the superiority of the machine learning models over the conceptual hydrologic models regarding the quality of

fit during calibration and validation periods. However, we also find that the response of machine learning models to modified

inputs can deviate from the expectations and the magnitude and even the sign of the response can depend on the training data.

In addition, even in cases in which all models passed the metamorphic test, there are cases in which the quantitative response

is different for different model structures. This demonstrates the importance of this kind of testing beyond and in addition to15

the usual calibration-validation analysis to identify potential problems and stimulate the development of improved models.
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1 Introduction

The availability of hydrologic and meteorological data and catchment attributes for a large number of catchments in the USA

(Newman et al., 2015; Addor et al., 2017) has greatly stimulated hydrologic research in the past few years (Kratzert et al., 2018;

Shen, 2018; Kratzert et al., 2019a, b; Razavi, 2021; Ng et al., 2023; Feng et al., 2020). In particular, it has been shown that the20

training of machine learning models jointly to hydrologic data from a large number of catchments leads to an extraordinary

performance of these models even for the prediction of the output of catchments that had not been used for training (Kratzert

et al., 2018, 2019a, b; Feng et al., 2020, 2021). Arguably, this breakthrough was made possible by the combination of two

elements:

(i) using machine learning models, in particular deep learning architectures in the form of Long Short-Term Memory25

(LSTM) models, that are highly flexible and contain a large number of parameters;

(ii) training the models jointly on large sets of diverse catchments using relevant catchment attributes as additional input

to meteorological time series to allow the models to learn diverse response patterns and their dependence on catchment

characteristics.

Due to the use of a large and diverse data set, overfitting of the models is mitigated and the models to some degree gain the30

capability of acquiring hydrologic knowledge (Kratzert et al., 2018, 2019a, b). It has been shown that this kind of hydrologic

knowledge can even be transferred across continents (Ma et al., 2021). The success demonstrated by a large number of studies

based on machine learning models trained on such data sets has challenged the belief of hydrologists that the prediction of the

output of ungauged catchments would only be possible with models that are built with strong support by hydrologic expert

knowledge (Hrachowitz et al., 2013; Nearing et al., 2021). The availability of many more data sets for other countries than the35

USA, such as Chile (Alvarez-Garreton et al., 2018), Great Britain (Coxon et al., 2020), Brazil (Chagas et al., 2020), Australia

(Fowler et al., 2021), Switzerland (Höge et al., 2023), and more, bears great potential for further development of hydrologic

modelling across catchments, continents, and climatic regions.

The primary focus of the studies cited above was on model training and validation on a future part of the time series or on40

catchments not used for calibration. The question whether this success is transferable to the prediction of the consequences of

modified driving forces in these catchments has been less investigated (Bai et al., 2021; Natel de Moura et al., 2022; Wi and

Steinschneider, 2022). For the prediction of the effects of climate change and water management measures on the hydrology of

catchments, it is of particular interest to modify driving forces beyond the patterns observed in the past. When the perturbation

is large enough, there is no data available for validating the models under such perturbations. The problem is of different na-45

ture for conceptual hydrologic models than for machine learning models. The prediction of the behavior of catchments under

modified driving forces with conceptual models is challenging because it is very hard to predict the required modifications to

model parameters induced by changes in vegetation, soil structure, etc. (Merz et al., 2011). And it is also difficult to extend

the models to mechanistically describe these changes. The prediction with machine learning models could either lead to wrong
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results due to poor out-of-domain generalization (Wang et al., 2022), or the results could be much better due to a more compre-50

hensive consideration of adapted catchment properties learned from other catchments in the training set. Which of these effects

dominates may depend on the degree of input modifications and on the diversity of the set of catchments used for training. For

these reasons, it is of interest to compare predictions of both kinds of models under modified driving forces and to investigate

whether the results depend on the training data set and on parameters of the optimization algorithm.

55

It is the goal of this study to compare the behavior of machine-learning and conceptual models under modified driving

forces and to investigate to which degree we can learn about deficiencies of models and pathways for their improvement from

these results. Such attempts have been done before and have uncovered problems in the predictions of LSTM models (Bai

et al., 2021; Razavi, 2021; Natel de Moura et al., 2022; Wi and Steinschneider, 2022). We extend this kind of studies by

considering precipitation changes in addition to temperature changes (this has been done in some of the previous studies), by60

using LSTM models trained on a large set of catchments (this has been done in some of the previous studies), by investigating

responses for different elevation classes separately to reduce the uncertainty in the response predicted by the experts, and by

including sensitivity analysis regarding catchment attributes, basins used for calibration, and numerical seed of the optimization

algorithm. We will do model simulations with isolated changes in precipitation and temperature and compare the resulting

change in outlet discharge with the expected outcomes for selected basins from the CAMELS data set (Newman et al., 2015;65

Addor et al., 2017). Note that this is a metamorphic testing design (Xie et al., 2011; Yang and Chui, 2021) that facilitates the

formulation of the qualitative expected behavior, rather than a realistic climate change scenario that would consist of coupled

temperature and precipitation changes with more complex time dependence. Based on this design, the more specific goals of

our study are to answer the following questions:

1. Are good fits during calibration and validation periods sufficient to gain confidence in predictions under modified driving70

forces?

2. How useful is metamorphic testing of models beyond the usual calibration-validation analysis?

3. Do machine learning models always improve when extending the training data set?

4. How do machine learning and conceptual models complement each other in terms of strengths and deficits?

2 Methods75

2.1 Metamorphic Testing

Metamorphic testing is a methodology for assessing models beyond validation with real data (Xie et al., 2011; Yang and Chui,

2021). It consists of

(i) defining changes to model input for which the expected response of the underlying system is assumed to be known at

least qualitatively, and80

3



(ii) testing the model response to these changes for consistency with these expectations.

Note that metamorphic testing does not replace calibration and validation but it is an additional, complementary test to the

quality of fit that is specifically targeted at situations (inputs) for which there are no response data available. The input changes

underlying metamorphic testing should be designed in such a way that they reflect aspects of inputs that are of interest for

predicted output but that they still allow for a qualitative characterization of expected responses. One methodology to design85

such input changes is to reduce the dimension of the problem by modifying just one input with a relatively simple pattern

rather than using correlated input changes in multiple inputs and complicated temporal pattern as it would be needed for real

predictions. Such additional tests to model fit are important as it has been shown that quality of fit and prediction accuracy do

not necessarily improve in parallel. At least one case study came to the conclusion: “Surprisingly, the prediction accuracy of a

model and its ability to provide consistent predictions were found to be uncorrelated” (Yang and Chui, 2021). The conclusions90

may not always be that extreme, but such cases indicate the need for model testing beyond the quality of fit.

The weakness of metamorphic testing is that it requires the specification of the expected response of a system under modified

inputs. Even if we define simple input changes to facilitate the fulfillment of this requirement, it still requires partly subjective

expert judgements that may be biased by the limited mechanistic understanding of the system’s function by the experts or, more95

generally, by the incomplete state of current scientific knowledge. To further increase the understanding of model behavior and

reduce the subjectivity of testing, we use a multi-model approach and extend the test to the analysis of the sensitivity of the

results to model structure and to different training or calibration options. In particular, we compare conceptual and machine

learning approaches as we expect complementary strengths and weaknesses. Conceptual approaches, due to their consideration

of (simplified) physical principles, can be expected to provide reliable predictions if the input changes are small enough to not100

considerably alter catchment properties, such as vegetation and soil structure. On the other hand, machine learning models

may be more critical for out-of-sample predictions, but due to a high diversity of catchments used for training, they bear the

potential of considering also changes in catchment properties. This allows us to identify quantitative deviations of predictions

(to modified inputs) between model structures. The investigation of the sensitivity of the predictions to calibration options

further provides insight into the robustness of the results of the metamorphic test. The chosen model structures are described105

in more detail in section 2.2 and in the appendices A and B, the complementary calibration option in section 3.3.

There are four potential outcomes of this extended metamorphic testing approach:

(A) Metamorphic test succeeded, models mutually consistent. The predicted response is robust against the investigated

model structures and changes in the calibration process and agrees with the expectations. This result confirms the model110

structures and increases the trust into reliable predictions.

(B) Metamorphic test succeeded, but quantitative responses of different models disagree. The predicted response is in

qualitative agreement with the expectations, but the quantitative response is sensitive to the investigated model structures
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or to aspects of the model calibration process. This result shows the limits of metamorphic testing but the identified

differences between responses may still stimulate thinking about model structure improvements.115

(C) Metamorphic test failed, some models inconsistent with others. The predicted response is sensitive to the investi-

gated model structures or aspects of the model calibration process with some responses in agreement and others in

disagreement with the expert expectations. This indicates problems of some models to reliably predict the response to

the investigated input changes and indicates the need for a revision of model structures or training processes.

(D) Metamorphic test failed, models mutually consistent. The predicted response is robust against the investigated model120

structures and changes in the calibration process but it disagrees with the expectations. This clearly demonstrates a se-

rious problem either caused by similar deficits of all model structures that lead to wrong predictions or to incomplete

scientific knowledge that lead to incorrect expert predictions. This is the most difficult outcome of the metamorphic

analysis but it still demonstrates its importance as it uncoveres a problem. In this case it is very important to think of po-

tential mechanisms that may have been overlooked by the experts as well as similar structural deficits of all investigated125

models. This may initiate an extended research process that depends on the investigated system and models.

For metamorphic testing we choose simple, isolated changes in precipitation (increase by 10%) and temperature (increase

by 1 degree) to make it easier for experts to characterize the expected response. As mentioned before, this setup covers inputs

relevant for climate change predictions, but it does not represent realistic input changes for climate change. Figure 1 visualizes a130

simplified expected response of the catchment outlet discharge to these changes discussed in more detail below. The simplified

expected responses shown in Fig. 1 represent general trends; the true expected response will be less smooth due to shorter-term

precipitation and temperature fluctuations.

1. Input change: Constant relative increase in precipitation by 10%.

Investigated response: We are interested in the change in discharge at the catchment outlet resulting from the change in135

precipitation:

∆QP =Q(1.1 ·P,T )−Q(P,T ) , (1)

where Q is the hydrologic model describing catchment outlet discharge as a function of precipitation time series, P ,

and temperature time series, T . ∆QP is the change in catchment outlet discharge resulting from the 10% increase in

precipitation as predicted by the model. Note that, according to equation (1), such a relative change does not lead to any140

input change during periods without precipitation. An alternative absolute input modification would not make sense for

precipitation as this would lead to the elimination of dry weather periods.

Expected response: As shown in the top row of Fig. 1, We expect an increase in catchment outlet discharge that reflects

the discharge pattern of the base simulation. Only in cases of short events and considerable travelling of the flood wave,

we expect a decrease in discharge at the falling limb of the discharge peak (following an increase at the rising limb),145
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Figure 1. Simplified expected response to a precipitation increase by 10% (top row) and to a temperature increase by 1 degree (bottom row)

for low altitude catchments (left column; response to precipitation events within weeks) and for high altitude catchments (right column;

changes in seasonal snowmelt peak). Black lines: discharge for unmodified input. Blue lines: discharge and sensitivity (change in discharge)

for modified precipitation input. Red lines: discharge and sensitivity (change in discharge) for modified temperature input.

due to a shift of the flood peak to earlier times caused by a higher flood wave celerity at higher water levels (Battjes and

Labeur, 2017). This expectation is based on the assumption that a 10% increase in precipitation is small enough to not

fundamentally change vegetation, soil structure, and other catchment properties. For more complex and stronger input

changes, more complex response patterns are possible as discussed by Blöschl et al. (2019). In a world-wide analysis

of past trends in water balance and evapotranspiration, Ukkola and Prentice (2013) found some regions (Europe and150

Canada) with increasing precipitation and decreasing runoff (see Figure 5 in Ukkola and Prentice (2013)). However, as

this is an analysis of past data, many other factors changed also, in particular, there was a significant temperature increase

in these regions that contributed to increased evapotranspiration whereas we assume no change in temperature for this

input change scenario.
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2. Input change: Constant increase in temperature by 1◦C.155

Investigated response: We are interested in the change in discharge at the catchment outlet resulting from the change in

temperature:

∆QT =Q(P,T +1◦C)−Q(P,T ) , (2)

where ∆QT is the change in catchment outlet discharge resulting from the 1◦C increase in temperature as predicted by

the model and the other symbols have the same meaning as in equation (1).160

Expected response: As shown in the bottem left panel of Fig. 1, for warm catchments (without snow cover), we expect

a decrease in outlet discharge that is more pronounced in summer than in winter due to increased evapotranspiration.

Again, in cases of short events and considerable travelling of the flood wave, we may get a short increase in discharge

at the falling limb of the peak (following a decrease at the rising limb) due to a shift of the peak to later times caused

by a lower flood wave celerity at lower water levels (Battjes and Labeur, 2017). For catchments with seasonal discharge165

pattern dominated by snow cover dynamics, we expect an increase in river discharge in autumn or winter due to a later

change of precipitation from rain to snowfall and an earlier melting in spring followed by a decrease in river discharge

because the snow melt will be complete earlier. This response pattern is shown in the bottom right panel of Fig. 1.

There is less empirical evidence for this expected response in past data (Ukkola and Prentice, 2013) because in most

regions temperature increase is accompanied by precipitation increase and thus leads to increased discharge. However,170

there are some cases, particularly in North-Asia (see Figure 5 in Ukkola and Prentice (2013)), where there is increase

in temperature and runoff despite no significant trend in precipitation. This may be a consequence of a change in snow

cover and vegetation.

As the training data contained precipitation or temperature related catchment attributes, such as “mean daily precipitation” and

“fraction of precipitation falling as snow”, we compared the results to training with omission of this kind of attributes to avoid175

biased results due to inconsistent changes in driving forces. Table B1 in appendix B lists the full as well as the reduced sets of

catchment attributes used for this comparison.

The intent of our study is to identify potential problems of hydrologic models and to learn from them and not to provide a

representative overview of results of different models. For this reason, we select catchments that allow us to test the response180

pattern described above as well as possible. As finding reasons for poor fit is a complementary technique of improving models

on which we do not focus in this paper, we only select catchments for which all our primary modelling approaches lead to

a very good fit during the calibration period (NSE > 0.8 during the calibration period for all investigated model structures;

the range of NSE values for the selected catchments was 0.82 - 0.92). All of these models also lead to a good fit during the

validation period (range of NSE values 0.67 - 0.91). To best represent the conditions for which we can describe the expected185

response as described above, we choose:

– Low altitude warm basins:

These basins should only have a minor amount of snow and thus a relatively simple response patterns as described above.
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– Very high altitude (cold) basins:

In these basins, the response should be dominated by the shifts in snowfall and snow melt.190

To complement our study, we also chose intermediate altitude catchments:

– Intermediate altitude basins:

For these basins, we expect a combination of the snow-cover-dominated response in winter and spring combined with

the warm-basin response in summer. The transition between the two regimes will depend on altitude and latitude, which

makes the response less clear than in the other two cases.195

2.2 Models

2.2.1 Conceptual Hydrologic Models

We will compare the conceptual hydrologic model GR4 (Santos et al., 2018), which is a continuous-time version of the model

GR4J (Perrin et al., 2003) in combination with a continuous-time version of the snow accumulation model Cemaneige (Valery

et al., 2014), which we call “GR4neige”, and a continuous-time version of the discrete-time model HBV (Bergström, 1992;200

Lindström et al., 1997; Seibert, 1999; Seibert and Vis, 2012). All equations of these conceptual hydrologic models are given in

Appendix A.

2.2.2 Machine Learning Models

The great success of machine learning in hydrology is primarily based on the Long Short-Term Memory (LSTM) mod-

els (Kratzert et al., 2018, 2019a, b; Feng et al., 2020). We will thus also exclusively use the LSTM approach to represent205

machine learning models. The models deviate from each other by their consideration of basins for calibration and by the set

of catchment attributes used for calibration (see section 2.3 below). Appendix B provides an overview of the setup of these

models.

2.3 Calibration/Training

The parameter values of the models were obtained by optimization of a loss function that quantifies the deviation of model210

output from observations as described below. As it corresponds to the typical use in the literature, for this optimization we use

the term “calibration” for the conceptual models and “training” for the machine learning models.

The conceptual hydrologic models used daymet altitude band inputs as provided in the CAMELS data (https://ral.ucar.edu/

solutions/products/camels), aggregated to a maximum of 5 bands, for catchment-by-catchment calibration by maximization of215

the posterior with a simple, uncorrelated, normal error model and wide priors. Optimization was performed using the LBFGS

algorithm (Liu and Nocedal, 1989). As there is only incomplete banded input data available for the basins 12167000, 12186000
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and 12189500, we calibrated the model only for 668 of the 671 basins of the US CAMELS data set.

The LSTM model was jointly trained to all 671 basins of the US CAMELS data set (https://ral.ucar.edu/solutions/products/220

camels) using daymet forcing and the catchment attributes listed in Table B1 in the Appendix (Newman et al., 2015; Addor

et al., 2017) and maximizing the Nash-Sutcliffe Efficiency (NSE). Optimization was performed using the AdaDelta Optimizer

with parameters lr = 1.0 and rho = 0.9 (Zeiler, 2012). As we encountered some unexpected responses in the low-altitude basins

to a change in temperature (see section 3.2.1 below), additional trainings were done, as described in section 3.3.

225

In both cases, we used the same 15 years for calibration and the same 15 years for validation as in the original publication

by Newman et al. (2015) (1980/10/01-1995/09/30 for calibration and 1995/10/01-2010/09/30 for validation).

2.4 Implementation

The conceptual hydrologic models were implemented in Julia (Bezanson et al., 2012, 2017) using the packages DifferentialE-230

quations.jl (Rackauckas and Nie, 2017), ForwardDiff (Revels et al., 2016), and Optim (Mogensen and Riseth, 2018).

The LSTM was implemented in Python (Van Rossum and Drake, 2009) using Pytorch (Paszke et al., 2019).

All our code is publicly available (Conceptual models: https://gitlab.com/p.reichert/hyperflex. LSTM: http://doi.org/10.5281/235

zenodo.3993880).

3 Results and Discussion

3.1 Quality of Fit

Fig. 2 provides an overview of the Nash-Sutcliffe Efficiency (NSE) values achieved for the calibration and validation periods

for all modelling approaches, for the 668 basins for which also the conceptual models could be calibrated as well as for the240

12 basins selected for metamorphic testing (see next section). These results clearly confirm the strength of the LSTM model

compared to the conceptual hydrologic models regarding the quality of fit for calibration as well as validation periods. The

LSTM has the additional advantage that it generalizes very well to catchments not used for training but this feature is not

investigated in this paper.

3.2 Metamorphic Testing245

For metamorphic testing, we separately evaluated basins that belong to the three classes of low altitude, warm basins, very high

altitude basins, and intermediate altitude basins mentioned in section 2. For each of the three classes, we selected four basins.

9
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Figure 2. Overview of NSE values of all modelling approaches for the calibration period (solid) and the validation period (dashed) for all

668 basins (left) and for the 12 basins selected for metamorphic testing (right; note the different scale of the x-axis). The median NSE values

are indicated in brackets in the legend (calibration period, validation period).

Fig. 3 provides an overview of the locations of the selected four basins within each category. As mentioned in section 2.1 these

basins were selected by allowing for an excellent fit for all modelling approaches (NSE > 0.8 during the calibration period; the

range of NSE values across models and selected catchments was 0.82 - 0.92 for the calibration period and 0.67 - 0.91 for the250

validation period). Due to the limited number of basins in these categories, the strong requirement regarding the quality of fit

for all modelling approaches, and the wish to have the same number of basins in each category, it was not possible to compare

more basins. However, as shown in the following sections, there are quite consistent patterns of responses to changes within

each of these categories.

255

3.2.1 Low Altitude Warm Basins

Figure 4 shows the results for the final year of the calibration period for a typical warm, low altitude basin. Results for more

years during the calibration and validation periods and for more low altitude basins are provided in the Figures SI.2 to SI.17 in

the Supporting Information. These results are systematic across all studied basins, demonstrating that the features discussed in

this section represent the typical behavior of this kind of basins and are not just an artifact of this specific basin and year.260
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Figure 3. Basins used for metamorphic testing. Orange circles indicate low altitude basins, blue squares very high altitude basins, and green

rhombs intermediate altitude basins. The large markers represent basins with results shown in the main paper, the results for all basins

are shown in the Supporting Information. The numbers represent CAMELS basin identifiers. (Map produced with the R-package usmap:

https://CRAN.R-project.org/package=usmap).

As is shown by the NSE values in the legends of the fourth panels (Fig. 4 and Figs. SI.2 to SI.17), for these basins, all of the

compared primary modelling approaches (GR4neige, HBV, LSTM) provide an excellent fit over the calibration and validation

periods (all NSE values are larger than 0.8 during calibration and larger, mostly much larger, than 0.65 during validation, see

also the overview of NSE values in Fig. 2).265

The sensitivities to a 10 % increase in precipitation, ∆QP (see equation 1), are plotted in the top panel of Figure 4 (and

of Figs. SI.2 to SI.17). All our modelling approaches (GR4neige, HBV, LSTM) lead to very similar sensitivities to the inves-

tigated relative change in precipitation. The sensitivities to the investigated increase in precipitation also correspond to our

expectations as described in section 2.1 (see in particular Fig. 1, top left panel), as they are positive and larger during precipi-270

tation events than during dry weather periods (compare time series of the precipitation sensitivities in the top panel to the time

series of discharge in the bottom panel). The result of this metamorphic test therefore belongs to the category (A) outlined in

section 2.1 (consistent agreement with expectations across modelling approaches) and makes us confident into the response of

all models to changes in precipitation.

275

In contrast to the precipitation sensitivities shown in the first panel, the second panel of Figure 4 (and of Figs. SI.2 to SI.17)

shows substantial differences in temperature sensitivities, ∆QT (see equation 2), between different modelling approaches

11
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Figure 4. Results for basin 11468500. First panel: modelled sensitivity of discharge to a 10% increase in precipitation, ∆QP (see equation 1).

Second panel: modelled sensitivity of discharge to a 1 degree increase in temperature, ∆QT (see equation 2). Third panel: minimum, mean

and maximum temperature. Fourth panel: observed precipitation (from top, right axis); modelled (lines) and observed (circles) discharge and

modelled snow cover in max. five altitude bands (dashed lines, left axis, zero for this particular basin), NSE for calibration and validation

periods in brackets in the legend; and the values of selected catchment attributes according to Addor et al. (2017) (on the left).
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(GR4neige, HBV, LSTM). The sensitivities of the hydrologic models GR4neige and HBV are essentially negative (the dis-

charge for increased temperature is smaller than it was with the original temperature) with only some brief positive excursions

associated with small shifts in discharge peaks. These are the expected sensitivities as described in section 2.1 (see in partic-280

ular Fig. 1, bottom left panel). In contrast, the LSTM often shows a positive response of catchment outlet discharge to the

investigated temperature increase, in particular during flood events. This seems to be an implausible response, as increased

temperature increases evaporation whereas precipitation does not change in our metamorphic testing scenario. The result of

this metamorphic test thus belongs to category (C), outlined in section 2.1 (inconsistency with expectations for some model

structures). This raises the question of which approach may provide the correct response. The conceptual hydrolgical models285

may share similar deficits as the expected response as both are based on similar expert knowledge. On the other hand, the LSTM

may, due to its broad coverage of climatic conditions of 671 Camels basins, better consider the effect of changing catchment

properties resulting from the increasing temperature or its response may be incorrect due to poor out-of-sample prediction.

Since we see here a striking difference in the behaviour of models that fit and predict very well under current climatic condi-

tions, we have to investigate how consistent the response of the LSTM is across different training options. This can provide290

additional hints regarding which of the two explanations discussed above may be more plausible. This will be investigated in

section 3.3.

3.2.2 Very High Altitude (Cold) Basins

Figure 5 shows the results for the final year of the calibration period for a typical very high altitude, cold basin. Results for

more years during the calibration and validation periods and for more high altitude basins are provided in the Figures SI.18 to295

SI.33 in the Supporting Information. These results demonstrate that the features discussed in this section represent the typical

behaviour of this kind of basins and are not just an artifact of this specific basin and year.

The legends of panels 4 in these figures (Fig. 5 and Figs. SI.18 to SI.33) show again that we have an excellent fit during the

calibration as well as validation periods for all modelling approaches (GR4neige, HBV, LSTM) with NSE values larger than300

0.8 during calibration and larger than 0.7 during the validation periods.

The precipitation sensitivities show in this case more differences than for the low altitude catchments in section 3.2.1. All

models show the expected positive precipitation sensitivities (higher discharge for higher precipitation), but the response of

the LSTM is considerably smaller and smoother than the responses of the conceptual models. Still, these results correspond305

qualitatively to our expectations as described in section 2.1 (see in particular Fig. 1, top right panel).

Also the temperature sensitivities show the expected behavior of a positive sensitivity (higher discharge for higher temper-

ature) due to the earlier snow melt process followed by a negative sensitivity (lower discharge for higher temperature) due to

the earlier completion of the snow melt process (see section 2.1, in particular Fig. 1, bottom right panel)). There is a tendency310

that the positive response starts later and the negative response ends earlier for the LSTM compared to the conceptual hydro-
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Figure 5. Results for basin 09066000. First panel: modelled sensitivity of discharge to a 10% increase in precipitation, ∆QP (see equation 1).

Second panel: modelled sensitivity of discharge to a 1 degree increase in temperature, ∆QT (see equation 2). Third panel: minimum, mean

and maximum temperature. Fourth panel: observed precipitation (from top, right axis); modelled (lines) and observed (circles) discharge and

modelled snow cover in max. five altitude bands (dashed lines, left axis), NSE for calibration and validation periods in brackets in the legend;

and the values of selected catchment attributes according to Addor et al. (2017) (on the left).
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logic models. Also these sensitivities tend to be smaller and smoother for the LSTM than for the conceptual hydrologic models.

The results of these metamorphic tests thus belong to the category (B) outlined in section 2.1 (significant differences between

approaches, but still in qualitative agreement with the expectations). As mentioned in section 2.1, this result shows the limits of315

metamorphic testing, as it is difficult to judge which of the quantitative responses is closer to reality. Nevertheless, metamorphic

testing with multiple models demonstrates that models that provide a similarly good fit during calibration and validation periods

can still differ considerably in their response to modified driving forces. This indicates to be cautious with predictions of such

responses.

3.2.3 Intermediate Altitude Basins320

Figure 6 shows the results for the final year of the calibration period for a typical intermediate altitude basin. Results for more

years during the calibration and validation periods and for more intermediate altitude basins are provided in the Figures SI.34 to

SI.49 in the Supporting Information. These results demonstrate that the features discussed in this section represent the typical

behavior of this kind of basins and are not just an artifact of this specific basin and year.

325

The legends of panels 4 in these figures (Fig. 6 and Figs. SI.34 to SI.49) show again that we have an excellent fit during the

calibration as well as validation periods for all modelling approaches (GR4neige, HBV, LSTM) with NSE values larger than

0.8 during calibration and larger than 0.77 during the validation periods.

The results shown in Fig. 6 combine the results discussed in the previous sections, but resemble more closely the high alti-330

tude catchments, as still snow cover dominates the dynamic behavior during most of the season.

The panels 1 and 2 of Fig. 6 show clearly that over the first half of the considered period, all models show very similar

responses with respect to the change in precipitation as well as to the change in temperature. In contrast, in the second half of

the year, the conceptual models agree with one another but deviate from the LSTM. In this part of the season, the responses335

of the LSTM is smoother and smaller than that of the hydrologic models. Again, the qualitative nature of metamorphic testing

makes it difficult to assess which of these results are more plausible. These results are again in category (B) of our results

classification for metamorphic testing outlined in section 2.1.
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Figure 6. Results for basin 12143600. First panel: modelled sensitivity of discharge to a 10% increase in precipitation, ∆QP (see equation 1).

Second panel: modelled sensitivity of discharge to a 1 degree increase in temperature, ∆QT (see equation 2). Third panel: minimum, mean

and maximum temperature. Fourth panel: observed precipitation (from top, right axis); modelled (lines) and observed (circles) discharge and

modelled snow cover in max. five altitude bands (dashed lines, left axis), NSE for calibration and validation periods in brackets in the legend;

and the values of selected catchment attributes according to Addor et al. (2017) (on the left).
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