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Abstract. Although objective functions (OFs) are widely discussed in the literature, many modelling studies still default to
a few common metrics, without much consideration of their relative strengths and weaknesses. This paper systematically
investigates the impact of OF choice on the representation of various streamflow characteristics across 47 conceptual models
and 10 hydro-climatically diverse catchments selected from the CARAVAN dataset. We use eight different OFs for calibration,
including the Kling—Gupta efficiency (KGE), Nash—Sutcliffe efficiency (NSE), and-theirrespectivelogarithmievariants;as

well-as-a variant of each that uses a streamflow transformation, and four more recently proposed metrics. We further account
for parameter uncertainty by retaining the top 500 parameter sets for each combination of model, basin and OF. We evaluate
the representation of 15 hydrological signatures that capture a relevant selection of streamflow characteristics to determine
generalizable strengths and weaknesses of individual OFs across different models and eatchments-—Resultsshow-thatthechoice

OFE can—<ionifiean affa a mada ‘e ecanabili o-miate-different-hvdrolosiecal-<cions ACQ h ac noffratioc—e ame
o at-Stg d y—a a1hnod S—€apa y—tO— trate—- aro10£1€d Shatd t asTtuno atto

flow-—pereentiles;-and-eertain-baseflow-charaeteristies-hydroclimatic conditions. A random forest importance analysis showed

that OF choice is often more influential than model structure choice in determining signature representation, with catchment
characteristics remaining the dominant control. While certain signatures, particularly those related to flow variability, are

relatively insensitive to OF choice, ethers-other signatures exhibit large performance shifts across different OFs. GenerallyAs
other studies have already noted, no single OF simultancousty-achieved-hish-performance across-all-tested signatares;highlichting

“performs best across all signatures.
Our consistent multi-model and multi-catchment experiment now provides generalizable guidance on which metries-highlight
particutarfacets OF best reproduces which aspect of streamflow behaviour. This helps to better select objective functions most
appropriate for a specific modelling purpose and provides insights into which metric combinations can cover a broader range

of flow characteristics.

1 Introduction

Setting up and running a hydrological model requires modellers to make many decisions. These typieally-may include the

choice of a suitable model (structure), sensible parameter boundaries, an appropriate calibration period, and which method to
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use for forcing data interpolation. Selecting which performance metric(s) to employ as the objective function during model
calibration is another critical decision —Different-choices-of-where research has shown that different performance metrics can
lead to substantially different model outcomes. Forexample; Mai(2023)-Mai (2023), for example, tested six alternative metries
for-calibration-calibration metrics and found marked differences in the resulting hydrographs. Simitarly,-Gareta-et-ab+20+7)
Garcia et al. (2017) compared variants of the KGE metric for low-flow simulation, observing large differences in annual runoff
estimates. Studies such as Poeolet-al+2017)-and-Vis-et-al(2015)-Pool et al. (2017) and Vis et al. (2015) further demonstrated
that the choice of performance metric for calibration influences how well the model reproduces key hydrological signatures
(i.e., streamflow characteristics). Similarly, Mendoza et al. (2016) and Seiller et al. (2017) show the impact calibration choices

can have on the portrayal of climate change impacts.

Amoeng-The choice of calibration metric, therefore, plays a crucial role among the various decisions involved in model
calibration, evaluation, and diagnostic analysis;-the-cheice-of-objectivefunction-is-often—eritical. It directly determines how

model parameters are optimized and, consequently, how well the resulting simulations reproduce both observed data and
underlying hydrological processes. Despite the well-established influence of objective function selection, and an extensive body
of research discussing the individual strengths and weaknesses of various performance metrics (e.g. Thirel et al., 2024; Althoff
and Rodrigues, 2021; Cinkus et al., 2023; Knoben et al., 2019b; Mizukami et al., 2019; Bennett et al., 2013; Gupta et al., 2009;
Krause et al., 2005), Jackson et al. (2019) conclude that: “in most hydrologic modelling studies error metrics are chosen based
on familiarity, [and] without consideration of the relative strengths and weaknesses” in their review of more than 60 different
performance metrics. And indeed, a quick and informal review of 60 modelling studies in the existing literature library of the
authors -supports this claim by showing that most studies provide little to no reasoning for their choice of objective function
(Figure 1; details on review in Supplement S1). The papers that gave reasoning mainly referred to general characteristics and
perceptions of their metric of choice. Reasons we documented (see Supplement S1) can roughly be classified into various forms
of “the KGE is a more balanced metric than the NSE”, “NSE is a common metric for high flows”, “logNSE/logKGE focus on

low flows”, “NSE/KGE are widely used metrics” or “we use this metric because it is comparable with previous studies”.

We believe that part of the prevailing tendency to define objective functions in an often ad-hoc manner is the broad but
scattered and often site- and/or model-specific research on the impacts of different performance metrics used as objective
functions. Most good modelling practice guidelines (e.g. Waveren et al., 1999; Jakeman et al., 2006, 2018) simply advise to
select an appropriate objective function that aligns with the purpose of the modelling study, but do not provide guidance on how
to do so. The question of how to tink-—connect the choice for a suitable calibration metric to a specific modelling purpose thus
remains unclear (Jacobs et al., 2024). While several authors-studies have investigated connections between objective function
choice and how the calibrated models represent certain streamflow characteristics, they are often limited in the number of
models they use (1 model in e.g. Hallouin et al., 2020; Melsen et al., 2019; Pool et al., 2017; Vis et al., 2015) or signatures
they consider (less than 5 in e.g. Araya et al., 2023; Mizukami et al., 2019; Seiller et al., 2017). As Table 1 highlights, studies

with a similar focus to our study also mostly consider catchments of only one specific region or country and no study the
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Figure 1. a)-Number of analyzed studies published during different five-year periods b)-Pereentage-and the percentage of these studies that
give no - general - or elaborate reasoning on their choice of objective function. This data stems from an informal/non-exhaustive literature

review of 60 studies taken from the authors’ literature database. Details regarding the review are given in Supplement S1.

authors are aware of tested more than 12 models while also considering several metrics and signatures.Consequently,—few

Some of the existing studies show recurring tendencies across regions and models. For instance, Pool et al. (2017) and
Hallouin et al. (2020) found that traditional objective functions such as NSE or KGE can perform as well or better than tailored
signature-based metrics for predicting flow characteristics not explicitly included in calibration. Mizukami et al. (2019) similarl
noted that application-specific metrics may excel at their target but can degrade performance on other metrics. Generally, most
studies can identify a preferred metric or metric combination, However, that selection is strongly conditioned to the modelling.

.g. seasonal forecastin

urpose, the flow conditions of interest, and the hydroclimatic setting of the individual stud

snow-influenced catchments for Araya et al. (2023) or tropical low-flow applications for Althoff and Rodrigues (2021)). A

robust transfer of findings to new contexts is therefore difficult and further complicated by inconsistent experimental designs
across studies (differing catchment sets, model selections, and signature choices), which prevent a straightforward synthesis
on how metric choices influence signature representation.

Building-on-this-metivationTo address this problem, this study aims to develop a more generalized understanding of how
the choice of performance metries-metric used for model calibration influences the representation of the hydrological regime-

behavior. We focus on single-objective calibration because it remains the calibration standard and can provide insights into

metric combinations that might serve as complementary multi-objective calibration targets. By systematically analyzing catchments

spanning-that span a broad range of climatic conditions and employing a large set of conceptual model structures, we seek to
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Publication Main Focus Catchments  Location Models OFs Signatures

Althoff and Rodrigues (2021) OF impact on stream ow simulations 179 Brazil 1 11* 7
Araya et al. (2023) OF impact on stream ow forecast 22 Chile 3 12* 5
Hallouin et al. (2020) OF impact on signatures 33 Ireland 1 6* 18
Hernandez-Suarez et al. (2018) OF impact on signatures 1 ACF-Basin, USA 1 8* 167
Melsen et al. (2019) calibration impact on ood/drought 9 Thur Basin, Switzerland 1 2 6
Mendoza et al. (2016) calibration impact on climate projections 3 Colorado Basin, USA 4 4 6
Mizukami et al. (2019) OF impact on high ows 492 USA 2 5 2
Pool et al. (2017) OF impact on signatures 25 Tennessee, USA 1 29* 13
Seiller et al. (2017) OF impact on climate projections 37 Quebec, Canada 12 3 4
Vis et al. (2015) OF impact on signatures 27 Tennessee, USA 1 9* 12
This study OF impact on signatures 10 worldwide a7 8 15

identify general bene ts and limitations associated with different calibration metrics across diverse hydrological contexts. The
selected set of catchments, though limited in number, was chosen based on differing climatesirdigs@ridity, seasonality,

and fraction of snowenstring), to ensure a representative spread of hydroclimatic condiibnge-12-MOPEX-basins
: arfitte-etat{(2pHMhis-design. This enables us to examine

how models calibrated with different performance metrics behave under varying hydrological regimes while also balancing
depth with breadth of analysis (Gupta et al., 201#4)this-stuey;we-\We evaluate how 47 conceptual model structures, each

catehmentsmodelstructuresandmetriecs—contributes to identifying generalizable strengths and weaknesses of individual

performance metrics that extend beyond their known sensitivities to particular ow conditions, offering new insights into how
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2 Methodology

Figure 2 gives an overview of the methodology used in this study. We calibrate 47 conceptual hydrological models from the

et al., 2022) using eight different calibration metrics. The models and metrics used are introduced in Section 2.1.1 and 2.1.2
respectively. We calibrate all of these models (as described in Section 2.2) for a subset of 10 hydro-climatically differing

and observed signature values we are able to identify the strengths and weaknesses of the tested metrics in representing tt
hydrological regime over a broad range of hydro-climatic conditions and different model complexities.

2.1 Experiment Components
2.1.1 Models

We obtained the 47 models used in this study from the MARRMOT toolbox (Knoben et al., 2019a; Trotter and Knoben, 2022),
partly-because the toolbox allows easy and consistent use of the different models. These models are based on the scienti ¢
literature and mimic some widely used and well-known models such as HBV, GR4J, TOPMODEL, VIC and HYMOD. A full

model structures differ in their number of considered stores (i.e., state variables) and parameters and therefore gives an idea ¢
the different models' complexity. The number of parameters ranges from one to 24 and the number of considered stores range:s
from one to eight. The simplest model has one store and one parameter, whereas the most complex models have eight store
and 12 parameters, or three stores and 24 parameters. By using such a wide range of different complexities in model structures

we ensure that the strengths and weaknesses identi ed generalize across different model structures.

2.1.2 Objective Functions
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Figure 2. Overview of the experiment design of this study. a) Shows the geographical location of the study catchments. b) Visualizes the
different complexities (number of storages vs number of parameters) of the investigated MARRMOT Models. c) Lists the eight objective
functions used for calibration. d) Lists the 15 hydrological signatures investigated and shows a schematic visualization of some of them.
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precipitation respectively. and r are standard deviation and correlation. Subscripts are used to indicate the speci cs of all
mentioned variables, e.g.s@nd Q, show simulated and observed stream ow respectively. Subseriggfers to individual
time steps. For correlation, the subscripgs and rs, are used for Pearson and Spearman correlation. Overlines are used to
indicate temporal means. In sums, the leiteris used to indicate the total length of the time series.

The rst two metrics are likely the most common objective functions used in hydro{bigisen et al., 2025). That is,

that intend to improve certain aspects of NSE or KGE or d|agnose hydrolog|cal model behaviour.
FirstlyFirst, this is(5) the non-parametric version of the KGE (KGE-NP; Pool et al., 2018). The major diffetengén
the standard KGE is that the variability component is no longer based on the ratio of variances, but instead replaced by a

ow-duration curve-based term. Additionally, the correlation term uses the Spearman rank correlation instegtbefsba

between observations and simulations, except for high ows. Their reasoning is that more information is contained within the
metric because the FDC is more complex than the standard deviation and the Spearman rank correlation leads to improvement
for low ows. In the equation of (5) I(k) and J(k) indicate time steps in which the k-th largest ow occurs in the simulated

and observed time series respectively.

SeceondiBecond, another adaption of the KGESKGESpht{KGE Split;- Fowleretal;2018(6) theKGE-Split(KGE-Split; Fowler e

is evaluated. It is calculated like the regular KGE, but instead of calculating one value for the entire time series, a value for each
year is calculated, and the mean over these values becomes the actual objective function value. Fowler et al. (2018) develope
it to put more emphasis on dry years, since the typically used "least squares" methods give more attention to high ows rather
than low ows. The variables are identical to those used in the KGE, with y indicating the evaluated year and Y the total

number of years as shown in equation (6).

variance term by the mean and variance of the precipitation. Like the KGE—NP, it also uses the Spearman description for the
correlation term to improve on the low ow representations. The SHE as used in Kiraz et al. (2023) is de ned in equation (7).
Feurthly-anedasthyFourth, we analyzg8) the Diagnostic Ef ciency (DE; Schwemmle et al., 2021) where the bias term

is replaced with a mean relative error and the variance term is the integral over all residuals of the relative error based on
the ow duration curve. As the name suggests, this metric is designed as a diagnostic tool but will be applied here as an
objective function. The general structure, with three parts for bias, variance, and timing, is similar to the KGE, but particularly

the variance term proposes an interesting alternative to the KGE. To convert it into a similar objective function as the other
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candidates we us®Eor=1-BE—DEor =1 DE, theonly metricfor whichwe markthiscalibration/analysiglistinction

All of the eight used metrics can be disaggregated into three components representing bias, variability and correlation. For
an easier overview of the differences between the individual metrics we summarized how they represent each component in
Table 3.

2.1.3 Study Catchments

study CARAVAN included 2901 catchments. At the time, CARAVAN included catchments in the United States (Addor et al.,
2017), Great Britain (Coxon et al., 2020), Brazil (Chagas et al., 2020), Chile (Alvarez-Garreton et al., 2018) and Australia
(Fowler et al., 2021) from their respective CAMELS datasets, as well as the LamaH-CE (Central Europe, Klingler et al., 2021)
and HYSETS (North America, Arsenault et al., 2020) datasets. CARAVAN provides standardized meteorological forcing,
stream ow data, and static catchment attributes (e.g., geophysical, sociological, climatological) with a median data length of
31 years. Our primary goal is to investigate the sensitivity of a large number of different model structures to objective function

fraction snow in each of the CARAVAN basins. We then used a k-means clustering algorithm to divide the catchments into 10
clusters, and selected the catchment closest to each cluster centroid for use in this work. The location of the selected catchment

is described in more detail in the Supplementary Material S2.2.
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Cluster | Abbrev. Dataset Area | Aridity-Moisture | Seasonality] Snow Frac Precip Runoff Mee
- - - (km?) -) -) -) (mm/yr) (mm/yr) (
1 AUS1 | CAMELS-AUS | 125.74 -0.39 0.59 0.00 836.5837 | 1173117 | 18
2 BR6 CAMELS-BR | 194.00 -0.28 1.30 0.00 145121451 | 496:0490 22
3 AUS6 | CAMELS-AUS | 124.94 -0.04 1.67 0.00 6804680 165-8166 15
4 Ci12 CAMELS 148.69 0.02 1.66 0.49 7135774 3015302 28
5 Cco2 CAMELS 285.39 0.03 1.07 0.07 1120:21120 | 3618362 .
6 GB3 CAMELS-GB | 136.53 0.16 1.46 0.00 792:6793 185.7186 9
7 Co3 CAMELS 127.83 0.33 0.85 0.08 141151412 | 656:6657 10.!
8 HYS HYSETS 328.44 0.34 1.28 0.38 121131211 | 660:8661 3
9 GB2 CAMELS-GB | 283.60 0.42 1.25 0.00 1209:21209 | 664:9665 8.
10 LAM LamaH-CE | 102.29 0.58 0.58 0.32 77701777 | £299:51300 | O

The 10 selected catchments span a wide range of climatic and hydrological settings. They differ substantially in aridity

and Brazil to snow-in uenced basins such as C12 and LAM. Precipitation and runoff also contrast strongly, with wetter,

high-runoff regions (e.g. LAM, GB2) versus more arid, low-runoff sites (AUS#SEBR6), illustrating the climatic and

2.2 Model Calibration Procedure

All' models wererun on daily time stepandcalibrated with the Covariance Matrix Adaptation Evolution Strategy (CMA-ES)
algorithm by Hansen et al. (2003) as implemented in the MARRMoT Toolbox. We used a 10-year time period from 2004
to 2014 for calibration and a 10-year time period from 1993 to 2003 for evaluation with a one-year warm-up period each.
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consideparametenncertaintywe calibratedeachcombinatioron ve_differentseedsandretainedhebest500parametesets

Forall analysiswe focusonthecalibration period only, becauseeimpactof theebjectivefunctionismeredirect-Because

2.4 Signature Selection

We selected 15 stream ow signatures to investigate the extent to which objective function choice in uences a model's ability
to replicate stream ow signatures. Our goal with this selection is to cover different aspects of the ow regime, as well as a
range of hydrological processes (McMillan, 2020). The selected signatures are shown in Table 5 and were all calculated using

ow date (MHFD). The slope of the FDC describes the variability of the stream ow regime, indicating how quickly a river
responds to rainfall events and how sustained the ows are during dry periods. Representing it correctly therefore indicates

10
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a good representation of in-catchment storage and ashiness behaviour"Taeds9%" stream ow percentile describe the
magnitude of low and high ows. Representing these signatures well indicates a good representation of extreme ow behaviour,
while representing the high and low ow duration and frequency well ensures thatragioeseimportant characteristics of
extreme ow can be met. The MHFD helps to determine if the general timing and seasonality of stream ow is represented
well. Additionally, we evaluate the impact of the objective function on the total runoff ratio (Total RR), event runoff ratio
(Event RR), base ow index (BFI), base ow recession coef cient (BFRC), ashiness index (Fl), variability index (VI) and
rising limb density (RLD). These are intended to deliver information on the different catchment processes such as the general
water balance (Total RR), individual storm responses (Event RR), the base ow processes (BFI, BFRC) or general water storage

2.5 Analysis of Objective Function In uence

2.5.1 Signature Error Metric

For a singleretainedrun (one catchmentpne model,one objectivefunction, one parameteset), the signatureerror is the

med; (Sik Y j)
JmaX(medi (Sijk y J))J Ijkr Y ( )

on.a per-catchmenbasis.The

Dj =max @ j« J); )

11
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modeland

EMj =med med(emj ) = Cik. o
|

med; (Sik Y j)
jmax(med; (Six Y j))i

(6)

EM k;abs k;abs = abismedj medj jEM jk J ibsmecjj

2.5.2 Statistical Testing of Objective Function In uence

To better understand which signatures are most affected by the objective function choice, we conducted a paired sample t-
test: a pairwise comparison for two objective functions at a time by testing their median value of signature values across
catchments. The null hypothesis for the t-test used herg)isTHie mean values of the distributions are equal to each other.
With 8 objective functions this leads " k=0l o 87 o ints. 5 = &7 =28 pairwisecomparisons for

This analysis highlights which signatures are most strongly in uenced by the choice of objective function. We report
the resulting p-values for each pairwise comparison and consider differences statistically signi cant at =0:05. Not all
distributions are expected to differ signi cantly, as some objective functions are likely to produce similar results. Based on
these outcomes, we restrict subsequent analyses to signatures that are commonly signi cantly impacted by the choice of
objective function, which we de ne &040% of the p-values being lower than 0.05.

12



2.5.3 Random Forest for Attribute Importance
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We used the TreeBagger implementation in MATLAB with 386500 trees and regression mode, extracting out-of-bag

3 Results

The following sections will cover the outcomes of the benchmarking procedure (Section 3.1). Based on this, the general
distribution of signature representation (Section 3.2) for (i) the detailed example of Total Runoff Ratio and (ii) all signatures
(aggregated over the models) are shown. Afterwards, we will use the error metric (Equation 5 from Section 2.5.1) to highlight
the skills and shortcomings of each objective function in Section 3.3. Further analysis is then used to test the statistical
signi cance of objective function in uence (Section 3.4) and assess the relative predictive importance of objective function
choice (Section 3.5). Lastly, we use the aggregated error metric (Equation 6 from Section 2.5.1) to nd the best performing
objective functions regarding signature representation.

3.1 Benchmarking the Models

catedtatecbenchmarkdighestcalculatedbenchmarkred dash)-Fhebenehmarisceresare caleutatedasanyof-themedel

mulation . ' : Thechoserenchm Kk

ecatchment$Cl2andAM-arecatechments

13
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To begin the analysis of how objective functions affect hydrological adequacy, we compare the simulated signature values with
the observed signature values for all eight objective functions. Figure 4 shows the distribution of absolute errors (y-axis) over
all catchments (x-axis) for each metric (subplots) for one of the 15 signatures, the Total Runoff Ratio. The plots for all other

In Figure 4, there are three things of note. First, the location of the violin plots shows whether the signature values are
underestimated (negative values), overestimated (positive values) or relatively unbiased (centered around zero). Second, th

15
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size of the violins indicates whether the signature predictions are weII—constr&inads(hort violin) or not {argelong violin).

interestrngiy&there‘i;her:eis no clear pattern in Runoff Ratio errors related to the catchments arldlty values. Instead, there
appear to be two categories of results: objective functions that return mostly unbiased models in all catchments (KGE and
KGE—NP) and objective functions where the signature representation of the resulting models varies strongly per catchment

the variability within the models much better and is therefore assessed as the best available objective function for the general
vgater balance as represented through the Total RR signature.

the models tend to put too much water into storage and/or evaporatlon or other sink terms, which may become relevant when

modelling climate change impacts.

beats the benchmark for any objective function). The pIot therefore aIIows |nS|ghts on how well a signature value can generally
be represented through the different tested models and gives a rst impression on the in uence the objective function has on
these representations. The x-axis denotes the 10 selected catchments and the y-axis gives the signature value in its native ur
(see Table 5).

Initially, we can use this plot to compare the violin ranges to the observed values of signatures. For the vast majority of cases,

models are able to capture the hydrologic variability across diverse catchments. The spread of the colored dots around the
observed values indicates different degrees of accuracy in the signature representation depending on the calibration metric
used. For some signhatures, the range of signature values is notably smaller (e.g. Total RR) than for others (e.g. Rising Limb
Density). There are signatures (e.g. Q95, BFI) where the objective functions differ strongly from each other and signatures
where different objective functions lead to similar modelled values (e.g. MHFBRuHFD). To move beyond these very

broad conclusions, the next section will use the previously introduced error metric (Equation 5 from Section 2.5.1) to assess

the relative skill of each objective function in more detail.

16



Figure 5. Comparison of signature representation capabilities across the different objective functions. The coloured points represent the

sets. In catchment AUS1, the observed value for the FDC slope is NaN, because the observed ow is 0 mm/d for more than 66% of the time

steps in calibration period.

17



In this section we use Equation 5 to normalize the signature errors using the observed signature value.
Figure 6 shows the normalized error in signature representation for all objective functions. Generally, we can see that

400 the performance varies largely depending both on the signature (each violin in a plafyeasatchmenteachdotin—a

Figure 6. Error Metric as given in Equation 5 for all Objective Functions. The error metric is calculated for each objective function (subplot)

per signature (x-axis) and catchmedb{sdatain violin). A value of 0 indicates no error in signature representatiafe-. A value of-1—

18
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The KGE in Figure 6 has good performance for the Total Runoff Ratio and the high ow percentile Q95 (ws}htstered

particularly for the low ow percentile Q5| FF, FDC slope,BF-and Vanablllty Index the representation obtained from

calibrating to KGE relative to the other objective functions is often worse.

metrics show improvements comparedtegularKGEaHdNSEthe:tgGE for FDC Slope and Q5, but not necessanly for low
ow duration (tF-BurLFD) and frequencyi~+ree FF). It is important to notice that the FDC Slope can also be met well if
the runoff is systematically biased, which is the case with underestimation here. In many of the evaluated 15 signaﬂges, the

best overallsmallerviolins). The expectatlons (general |mprovement due to more information being included) for KGE-NP
are thus largely met, with the main bene t being better incorporation of ow variability for a larger fraction of ow percentiles.

Compared to the regular KGE, there are slight |mpr0vements on selected S|gnatures (FDC Slope, BFI, Variabilitithdex)
neneareclearenoughte-recommendhis-OFferaspeei-caspect.
LastIy, the SHE is one of the objective functions with the Iargest range in signature representation. The general patterns are

indicates that a change from value-based correlation to rank-based can be in uential for signature representation.

19
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The violin plots also show that some signatures are affected very little by the choice of objective function sudtisiaghe
Limb Density L e e il

andthe Mean Half Flow Datendthe RisingLimb-Density;th rdicatedbothby-alargespreadsftheviolin

catchment mainly in uence the results. As the signature value cannot be simulated well from any of the models, this shows the
limits of objective function in uence.

aminorrole here Additionally, the SM alsoprovidesanexampleof theerrormetriccollapsedo onevaluepercatchmenasit

However, it is not easy to assess whether the observed in uences that were described can be considered signi cant for the

process representation. To investigate thispextsectionusesstatisticaltesting—
3.5 Doesthe OF choicesigni cantly -affect signature representation?

Half Flow Date, FDC Slope, Variability Index, Rising Limb Density) a change of objective function does not lead to a clear

shiftin signature representation for most of the combinations of objective functions.9&Bkin the Supplementary Material
S28.11 shows the frequency of objectiietionsfunctionpairs reaching p-values of below 0.10 or 0.05 respectively.

Variability Index, or Rising Limb Density is often not consistent, meaning that when comparing the distribution of signature
values of two objective functions with each other, there is variation as to which one has higher or lower values. Therefore, the

20



Figure 7. Signi cance Test between signature representations of the different objective funétibesnedianvatueef-avielin-plot Thered

signi cance often shows no signi cant impact because the signal is not clear. The signi cance test indicates that the variation

470 is not driven by the objective function and we speculate that in these cases other in uences such as catchment characteristic:
or models drive the spread seen in the signature representation.
3.5 What controls simulated signature values?
Figure8 showsth mforestfeatureimportancefor catchment, modehbjectivefunetion)we eanfurtherevaluatethe
475 ah omparinatto-theothe ALO i i Q A

480
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3.6 Overall Skill of Signature Representation

Our results suggest that all objective functions can represent some signatures well while having shortcomings in others. This
implies that fer-eurselectionot-ebjectivefunetiensyhenselectingan objectivefunction, there is not a singlerechoicethat
will ensure realistic values across the spectrum of stream ow signatures we investigated. Yet-atgeto-canidentify

objective functions that generally have good process representatismstsignatures-We-will-thereforeinvestigateacross

Figure 7. For thiswe use equation 6 to get one median error value per signature and objective function. Figure 9 shows this
accumulated error for the eight tested objective functions.

Fhispletindicatesafew-interestingresults:The modeled overall error in signature representation varies strongly depending

on the objective function chosen. Considering the entire set of signatures with signi cant metric in uence, the KGE-NP,
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used as each has its strengths and weaknesses. As shown before, the KGE is the best metric for high ow conditions (small

errors for Q95) and works well for Total RR, while it has considerable weaknesses for low ow representation (e.g. BFI, BFRC

signi cant signatures. Similarly, despite the KGE-NP showing the best overall performance, it still comes with weaknesses in

Q5 and FI representation.

particulartherankingof objectivefunctionsfor the OF-sensitivesignaturess comparabléetweercalibrationandevaluation,

suggestinghat the main conclusiongare not an
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515 4 Discussion

We structured our discussion into three parts. First, we synthesize the main takeaways for signature representation acros
models, catchments, and objective functions. We condense our ndings into some practical recommendations. Second, we
discuss the correlation between different signatures and how they relate to the identi ed impact of objective function choice.
Third, we outline the limitations of our study and potential future work.

5204.1 Main Takeaways and Practical Recommendations

525

530

535

540

545

Across 47 model structures and 10 hydro-climatically diverse basins, OF choice exerts a systematic but selective in uence
on simulated stream ow signatures. A paired signi cance test indicated that 8 of 15 signatures vary signi cantly with OF
choice (Fig. 7), whereas timing descriptors such as MHFD and RLD are largely OF-insensitive. This may in part be due to the
selection of OFs, as objective functions that speci cally target time offset (e.g Mean Absolute Peak Time Error; MAPTE) are

less frequently used (Ehret and Zehe, 2011) than the OFs we didsseleetrethusnottestedn-ourstudy. Generally, no single
OF excels at all tested signatures. Considering the cumulative error across OF-sensitive signatures (Fig. 9), KGE-NP yields the

lowest overall error, witlsHE;BE;-andNSENSEandDE performing competitively in some basins but less consistently across

mostreliablefor EventRR, whereit ranksalongsideKGE-NP,and KGE-Splitis otherwiseunremarkablgut reproduceghe

Flashinesgndexbestof all testedOFs.

We also compared the in uence of OF choice on signature representation with other in uencing factors such as catchment

characteristics or model structure choice. Our random-forest analysis showed that catchment characteristics are the dominar
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control of signature representation, with OF choice typically more in uential than model choitereforeplacingsecond
(Figure 8). Model choice does, however, gain relevance for signatures connected to low ow or base ow representation, while
OF choice seemed especially relevant for base ow related signafizgsther,

theirdeviations.The broadernalysisalsocontextualizegor which characteristicgbjectivefunctionchoicecanbein uential,

(Mai, 2023; Jackson et al., 2019).
For the signatures that were found to be signi cantly impacted by OF choice, we used our results to develop guidelines for
which OF will perform well in reproducing a given signature as shown in Table 6. We can conclude¢hableadsmost

OF leadto the best representation for at least one signature, highligtitidgio-OFis-bestacrossalt-signaturethe needfor

for Q95 and related high- ow signatures. Re ecting back on our review of metric choice justi cation (Fig. 1), we strongly
recommend to document the trade-offs one is willing to accept explicitly (e.g., low- ow degradation under KGE) and, where
possible, to verify unaffected signatures (e.g., MHFD, RLD) since OF changes have limited in uence there.

4.2 Impact of Signature Correlations

Signatures are not independent from each other. When investigating correlations among observed signatures (Fig. 10) we

noticed three clusters with similar patterns. First, a runoff/high- ow cluster (Total RR, Event RR, and Q95) shows strong
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