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Abstract. Machine-learning (ML) models are increasingly used to estimate flood magnitudes and infer their controls through

post-hoc feature importance analysis. However, feature importance does not directly measure hydrological process importance

nor infer physical causality. The extent to which feature importance is robust to changes in ML model type (e.g., decision-

tree versus neural networks), evaluation setting (e.g., held-out catchments versus held-out years), and predictor information

(e.g., static versus dynamic attributes) is an important area of research if ML-based inference is to support flood-generation5

understanding. Therefore, we systematically evaluate predictive skill and feature importance across 518 catchments in Great

Britain, using two ML model types: (i) an event-based Random Forest (RF) trained directly on flood magnitude events;

and (ii) a sequence-based Long Short-Term Memory (LSTM) network trained on continuous rainfall-runoff observations,

which is subsequently evaluated on the same held-out events as the RF. We test performance and feature importance for the

flood magnitude events across a spectrum of evaluation settings, predictor changes, training seeds, and sequence lengths.10

We assess performance at both the pooled and the within-catchment level, in order to distinguish between inter- and intra-

catchment skill. The RF achieved higher predictive skill in every directly comparable model fit (e.g., pooled R2 = 0.86 versus

0.68 for the LSTM, under temporal evaluation), reflecting that its event-focused structure is suitable for addressing the task

at hand. Notably, for both models pooled skill substantially exceeded within-catchment skill, indicating that much of the

apparent skill reflects differences between catchments. The two models failed for different reasons in predicting the largest15

flood magnitudes, as the RF displayed a magnitude-dependent bias, while the LSTM showed a consistent underestimation.

Both models relied predominantly on short-timescale precipitation, with temperature and potential evapotranspiration being

utilized over longer timescales. Static attributes performed two separable functions, namely suppressing a baseflow-index

structured bias in predicted flood magnitude and shifting antecedent precipitation usage toward shorter timescales. Our findings

demonstrate that similar predictive skill can be supported by different feature importance structures, and emphasize the need20

to test feature importance robustness before inferring process conclusions in future work.
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1 Introduction

Flood magnitudes are generated by complex interactions between multiple environmental controls, including local meteorological

forcing, antecedent catchment wetness, and spatially heterogeneous catchment properties (Berghuijs et al., 2019, 2016; Shen

and Chui, 2023). Quantifying the relative contributions of these controls is required for both improving the understanding of25

flood-generating mechanisms and advancing flood estimation. Flood-generating mechanisms may show nonlinear behavior,

interact with each other, vary between catchments, and change over time (Tramblay et al., 2025; Blöschl et al., 2019; Tarasova

et al., 2023). Thus, accurately estimating flood magnitude and determining which hydroclimatic processes support these

estimates are intertwined tasks of prediction and inference.

Flood estimation has traditionally relied on a range of modeling approaches, including process-based, data-driven, and, more30

recently, hybrid modeling (Slater et al., 2023). Within process-based approaches, rainfall-runoff models explicitly represent

hydrological process interactions, such as storages and fluxes (Clark et al., 2015; Fatichi et al., 2016). However, in the case

of floods of high magnitude, performance can degrade when important processes are poorly constrained by observations

or simplified in the model structure. This may include processes such as snow dynamics, groundwater contributions, and

subcatchment rainfall heterogeneity (Brunner et al., 2021; Wang et al., 2026). Furthermore, explicit representation of physical35

mechanisms in process-based models does not necessarily ensure accurate flood prediction or that all processes responsible for

flood generation are adequately represented (Beven and Freer, 2001; Kirchner, 2006).

Data-driven methods, such as machine learning (ML) models, provide an alternative approach to modeling by flexibly

learning nonlinear relationships between meteorological forcing, catchment characteristics, and streamflow, directly from

observations (Dawson and Wilby, 2001; Abrahart et al., 2012). Unlike process-based models, ML models learn predictive40

relationships without the need to provide equations, constraints, or parameterization based on physical theory. In recent years,

large-sample deep learning (DL) models, trained on hundreds to thousands of catchments, have been demonstrated to exploit

information shared across diverse locations (Kratzert et al., 2024), thus enabling improvement of streamflow prediction in

ungauged settings (Kratzert et al., 2019b; Nearing et al., 2021). Critically, assuming that ML models can learn flexibly without

physical constraints and successfully improve the prediction of streamflow, it is important to investigate and determine what45

exactly these models learn.

A prime example of this investigation is reflected in the literature on Long Short-Term Memory (LSTM) networks, a variant

of the DL approach (Hochreiter and Schmidhuber, 1997). LSTMs have received attention for achieving high predictive skill for

daily streamflow across large samples of catchments (Kratzert et al., 2018), including for Great Britain (GB) (Lees et al., 2021).

Due to LSTMs’ sequence-based learning architecture, temporal dependencies, and representation of hydrological memory, it50

is possible to gain implicit learning of previous hydrological states without requiring antecedent conditions to be feature-

engineered by the modeler (Hochreiter and Schmidhuber, 1997; Kratzert et al., 2019b). Instead, the sequence length, also

known as the look-back window, can be modified to test the model’s dependency on different lengths of memory representation

(Kratzert et al., 2018; Gauch et al., 2021a).
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The predictive success of LSTMs for daily streamflow has motivated further research to scrutinize whether their learned55

representations reflect expected and physically meaningful hydrological relationships between the target variable and predictors

(De la Fuente et al., 2024; Bayati et al., 2026; Yokoo et al., 2022). So far, there has been some evidence to indicate that LSTMs

can learn hydrologically relevant structures, including storage-related memory and hydroclimate-dependent lags, and the use

of static attributes for regional evaluation (Lees et al., 2022; De la Fuente et al., 2024; Kratzert et al., 2019b). Lees et al.

(2022) revealed that soil moisture and snow states could be recovered from the internal states of regional LSTMs across GB,60

despite these quantities not being explicit training targets. Likewise, approaches designed to constrain or interrogate LSTM

representations have identified interpretable temporal and regional differences in catchment response (De la Fuente et al.,

2024).

However, recent large-sample evaluation has shown that highly skillful LSTMs can learn input–output relationships inconsistent

with defensible hydrological behavior, including implausible short-lag responses to temperature and potential evapotranspiration65

(Bayati et al., 2026). Further, Li et al. (2022) found physiographic static catchment attributes could be replaced with random

catchment-specific identifiers, retaining comparable performance for catchments seen in training. Consistent with this observation,

Heudorfer et al. (2025) identified that conventional physiographic attributes contributed relatively little additional predictive

information to unseen catchments (spatial out-of-sample prediction), with regional evaluation being supported to a greater

extent by dynamic meteorological information. Nonetheless, this does not simply imply that catchment information is unimportant,70

nor that the role of static information remains the same under different evaluation settings or model configuration decisions.

Heudorfer et al. (2026) further showed that improving the static information derived from measurement improved prediction in

unseen basins, concluding that data quality was critical. Thus, predictive accuracy, hydrologically plausible internal representations,

and process-relevant inference are related yet distinct properties of a fitted model that must be interpreted together carefully.

Overall, the literature implies that the apparent contribution of an information source can depend on what information a75

predictor representation contains, what other information is available, and the evaluation setting under which the model is

evaluated.

Decision-tree ensembles, such as Random Forest (RF) models, provide another ML model type commonly used in hydrology.

Introduced by Breiman (2001a), RFs construct an ensemble of decision trees, each trained on a bootstrap sample of observations,

with a randomly selected subset of predictors in each split. The predictions are then averaged across the ensemble of trees to80

produce a predicted value for the target variable (Scornet and Hooker, 2026). This structure means that RFs are able to map

complex, nonlinear relationships, as well as the interactions between the target variable and predictors (Wu and Li, 2023), while

reducing the likelihood of overfitting (Breiman, 2001a). In addition, RF models are usually trained in tabular data formats, and

do not learn from sequences nor have temporal memory. Unlike LSTMs, antecedent information must be explicitly feature-

engineered by the modeler, e.g., accumulation windows, lagged variables, or rolling means.85

Thus, the RF architecture and explicit predictor representation have made RFs useful for different tasks relative to the LSTM.

Tabular flood datasets, where both flood estimation and inference of controls on flood generation are of interest, can be provided

to RF regression models for analysis. For example, Stein et al. (2021) used RF models to predict flood-generating process

distributions from catchment attributes, and identify the climatic and landscape controls associated with different mechanisms
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across the United States. For GB, Zheng et al. (2023) applied RFs to investigate the behavior of rainfall-runoff events, finding90

that climate exerted the strongest control over spatial variability, while rainfall depth and antecedent soil moisture dominated the

event-scale and seasonal variations. Related RF applications have investigated anthropogenic controls on streamflow (Coxon

et al., 2024), spatial variations in flood sensitivity to hydroclimatic and catchment characteristics (Slater et al., 2024), and

combined RF regression with explainable ML to investigate controls on flood magnitude (Ford et al., 2026).

Importantly, these studies applying LSTMs and RFs for hydrological applications, including flood prediction, vary in95

evaluation design, predictor representation, hyperparameter tuning, and training sample size, thus making it challenging to

draw robust conclusions across works even when applied to the same region. Although the information is supplied to the model

explicitly, how that information is used and attributed among predictors across studies remains conditional on its representation

and on the fitted model. Therefore, this motivates exploring the robustness of model performance and feature importance to

changes in predictor representation, evaluation setting, and architecture across model types. In this context, LSTMs and RFs100

provide contrasting learning routes to explore this research gap, specifically for flood magnitude estimation.

Here, we adopt these two ML model types for flood magnitude estimation and feature importance analysis across catchments

in GB: (i) an event-based RF trained on flood magnitude events; and (ii) a sequence-based LSTM trained on continuous

daily data. Both models are evaluated on the same extracted flood magnitude events under multiple robustness experiments,

some of which are model-specific, while others are shared across both models. These experiments include evaluation settings,105

predictor ablations, random seed changes, and antecedent representations. Evaluation settings are designed to test performance

on both withheld years and withheld catchments. We pose four research questions, which are addressed using the perturbation

experiments outlined above. First, how do event-based and sequence-based ML model types differ in predictive skill for

the same flood magnitude events? Second, to what extent do RF and LSTM models rely on the same information when

estimating the same held-out flood magnitude events? Third, how is antecedent meteorology represented across timescales in110

an engineered tabular model in contrast to a sequence-based model that learns lag dependence from daily inputs? Fourth, how

stable are model performance and feature importance patterns overall?

2 Data and methods

2.1 RF and LSTM assessment framing

We examine two contrasting ML model types for flood magnitude estimation, as the aim of the study is to assess how predictive115

skill and feature importance emerge from different representations of the same flood magnitude target. The RF is trained

directly on flood magnitude events using engineered predictors of event-day forcing and antecedent conditions, together

with static catchment attributes. In contrast, the LSTM is trained to simulate continuous daily discharge from sequences of

meteorological forcing and static catchment attributes. The LSTM predictions are subsequently filtered to the same held-out

flood magnitude events used to evaluate the RF. Thus, direct comparison of predictive performance evaluates the two model120

types against a common evaluation target and set of flood magnitude events. We do not assume that these contrasting model
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types solve equivalent learning problems, and the goal is not to find the best model, but to understand differences in how they

learn.

2.2 Data sources and flood magnitude identification

We use the CAMELS-GB version 2 dataset (Coxon et al., 2026), providing daily hydrometeorological time series and static125

catchment attributes for 671 catchments across GB from 1 October 1970 to 30 September 2022. Hydrometeorological predictors

at the daily time-step include precipitation (P , mm d−1), mean air temperature (T , ◦C), potential evapotranspiration (PET, mm

d−1), and daily specific discharge (Q, mm d−1). Static predictors comprised the same 22 catchment attributes used by Lees et al.

(2021), obtained from CAMELS-GB version 2 (Coxon et al., 2026). These attributes characterize catchment physiography,

soils, land cover, hydrogeology, and long-term climatic conditions. Importantly, the climate attributes are calculated over130

the 1970 - 2022 record and the land-cover attributes refer to 2015, so they contain information beyond the training period

considered in this study (Coxon et al., 2026) (see Sect. 4.6). Full details are provided in Appendix Tables A1 and A2.

Before extracting floods from Q, quality control was applied to exclude catchments that did not have complete coverage of

daily hydrometeorological predictors across the analysis period and at least 80 % discharge observations during the training

period (1970-2009). After these criteria were applied, 532 of the 671 catchments remained for subsequent analyses.135

To identify flood magnitude events, a catchment-specific 99th-percentile specific-discharge threshold was calculated using

observations from the training period (1 October 1970 to 31 December 2009), to avoid information leakage from subsequent

validation and test periods. This fixed threshold was then applied across the full analysis period (1 October 1970 to 30

September 2022) to identify exceedance days, which were declustered using a 7-day independence window (Brunner and

Dougherty, 2022; Ford et al., 2026). The peak-flow day within each declustered exceedance period was retained as an independent140

flood magnitude event, serving as the target variable. The identified flood magnitude event counts used for model evaluation

are presented in Table A3. In addition, of the 532 retained catchments, 518 recorded at least one flood magnitude event in

the test period. Moreover, 392 catchments were found to have at least 10 events in the test period, and were used to compute

within-catchment skill (see Fig. B1).

2.3 Predictor construction145

For the RF, the identified flood magnitude events were supplemented with the corresponding static catchment attributes (see

Table A2), event-day precipitation, temperature, and PET. In addition, engineered antecedent cumulative precipitation, as well

as mean temperature and PET values, were calculated over the preceding 3, 7, 14, and 30 days (including the event day). This

formed the flood magnitude event dataset. See full details in Appendix Table A4.

For the LSTM, daily time-steps of precipitation, temperature, and PET were supplied with a sequence length of 30 (i.e.,150

0-29 days). This sequence length was selected rather than identified through broad hyperparameter tuning in order to match the

longest engineered antecedent window supplied to the RF, thereby giving the two models approximately the same maximum

antecedent scope. Note that this is a considerably shorter period than used in previous works for streamflow simulation, such as

the 365-day sequence length used by Lees et al. (2021), and thus cannot represent seasonal storage (see Sect. 4.6). Sensitivity
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to sequence lengths of 14, 30, and 60 days is considered in Sect. 2.8. In addition, the same static catchment attributes given to155

the RF were also supplied to the LSTM.

2.4 Model training

The RF was implemented in scikit-learn (Pedregosa et al., 2011) as an event-based regression model trained directly on the

flood magnitude day tabular dataset. The LSTM rainfall-runoff model was implemented using the default NeuralHydrology

framework (Kratzert et al., 2022) with the standard cudalstm architecture, where meteorological predictors are provided as160

daily sequences and static attributes as time-invariant descriptors (see Tables A4 and A5). For the RF, hyperparameters were

selected using validation-period flood magnitude events (1 January 2010-31 December 2015) and fixed across all experiments.

The LSTM was trained using the standard NeuralHydrology workflow for data handling, normalization, batching, sequence

construction, optimization, and evaluation. This reference configuration used a hidden size of 128, output dropout of 0.30, a

30-day sequence length, batch size 256, Adam optimization, and Nash-Sutcliffe efficiency (NSE) loss, and was trained for165

30 epochs. Training did not use automatic early stopping. Instead, each epoch was evaluated over the temporally held-out

validation period, and the epoch with the highest validation NSE was selected. The selected epoch was then used to generate

continuous daily discharge predictions over the test period. All subsequent analyses were conducted using this selected epoch

for each LSTM model. See Appendix Table A5 for further information on the RF and LSTM design.

2.5 Evaluation settings170

We applied three held-out evaluation settings on both the RF and LSTM: (i) temporal; (ii) single-split spatiotemporal; and (iii)

five-fold BFI-stratified (Table 1). Within every evaluation setting, the RF and LSTM were evaluated against the same observed

flood magnitude events in the corresponding held-out test data (Table 1). Temporal evaluation assesses transfer to withheld

years, whereas the single-split spatiotemporal and five-fold evaluation settings additionally examine transfer to withheld

catchments. All experiments used fixed, non-overlapping time windows: (i) training (1 October 1970-31 December 2009);175

(ii) validation (1 January 2010-31 December 2015); and (iii) testing (1 January 2016-30 September 2022). Thus, temporal

separation was maintained for all three evaluation settings.

For temporal evaluation, all 532 catchments passing the quality control check were represented in training and validation.

For the single-split spatiotemporal evaluation, the 532 catchments were randomly partitioned into 426 training/validation

catchments, and 106 held-out test catchments. These catchment partitions were fixed across the RF and LSTM in such a manner180

that both model types were trained, selected, and evaluated using equivalent spatial partitions. Test performance reflects transfer

to catchments withheld during model fitting, as well as to the independent test period.

For the five-fold evaluation setting, the 532 catchments were first divided into four strata according to baseflow-index

(BFI) quartiles. Catchments within each BFI quartile were then distributed across the five folds, so that each fold contained

approximately equal representation from all four BFI quartiles. As a result, every held-out fold included the full BFI response185

spectrum, while the complementary training set retained substantial representation of each BFI regime. BFI was selected as the

stratification variable because it represents a first-order control on hydrological and flood response in GB (Lees et al., 2021;
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Table 1. Model evaluation settings. All RF and LSTM experiments use matching training, validation, and test periods. Performance and

feature importance analyses are then computed on the held-out events of each setting (test period).

Evaluation setting Catchment design Question posed

Temporal No spatial withholding. 532 retained catchments after

applying quality control, of which 518 contribute

events to the test period.

What is the model performance and feature importance when

years, but not catchments, are withheld?

Single-split spatiotemporal Randomly selected spatially held-out test catchments. Do model performance and feature importance persist when both

catchments and years are withheld?

Five-fold BFI-stratified Five BFI-stratified folds, with each catchment

assigned once to a held-out fold.

Are performance and feature importance patterns robust to

catchment sampling, while maintaining representation across BFI

regimes?

Coxon et al., 2026). Note that neither the single-split nor the five-fold partitions were spatially blocked, so held-out catchments

may neighbor training catchments (see Sect. 4.6). Therefore, these settings test transfer to catchments withheld from training

that share runoff-response mechanisms, but are not designed as a prediction-in-ungauged-basins test. The five-fold evaluation190

setting was used for all subsequent sensitivity experiments (Sect. 2.8).

2.6 Model performance on held-out flood magnitude events

Model performance was assessed on aligned held-out flood magnitude events under the three evaluation settings (see Table 1).

For the five-fold setting, the performance metrics were calculated separately for each held-out fold and then averaged. The

standard deviation across the five folds was additionally calculated. The primary performance diagnostic was the comparison195

between the magnitudes of the observed and the predicted floods pooled across all catchments in each relevant held-out set

(i.e., capturing both inter- and intra-catchment variability). For pooled metrics, we report the coefficient of determination (R2),

mean absolute error (MAE), root mean squared error (RMSE), and percentage bias (PBIAS). The metric definitions are given

in Appendix C.

Pooled R2 can appear high when a model captures differences between the catchments in typical flood magnitude well, even200

if it has limited ability to distinguish flood magnitudes within individual catchments. Therefore, we also computed within-

catchment performance, using the same metrics listed above, applied to held-out flood magnitude events separately within each

catchment. However, this was only calculated when a given catchment had at least 10 held-out flood events, which reduced the

catchment count considered from 518 to 392. The within-catchment results are summarized in Appendix Table A9. In addition,

to examine errors across the within-catchment flood magnitude distribution (i.e., intra-catchment variability), for catchments205

with at least 10 held-out flood events, the events were ranked by observed flood magnitude within each catchment, and assigned

into quintiles, from Q1 (smallest) to Q5 (largest). Because the groups were defined from ranks independently within each of the

catchments, the Q1-Q5 represent relative rather than absolute flood magnitude. This further reduces the influence of between-

catchment differences in flood magnitude. The event-level fractional bias, (Q̂−Q)/Q, was then evaluated across groups. This

was conducted for all three evaluation settings, in addition to input-feature ablations.210
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As an additional screening step for the five-fold evaluation setting, within-catchment performance metrics were correlated

(i.e., Spearman’s rank) against a set of candidate static attributes covering climate, topography, soils, and hydrogeology (the

full set of these associations is shown in Appendix Fig. B6). Although BFI was not included as a static attribute predictor in

the models, it was selected as a candidate attribute for correlation analysis, due to its established influence on hydrological

response in GB (Lees et al., 2021; Coxon et al., 2026; Lane et al., 2019). The candidate attributes were ranked according to215

their strongest absolute correlation with either the catchment R2 or PBIAS. Correlations with the magnitude associated metrics

(RMSE and MAE) were reported but not used here for ranking, because absolute errors can scale with the magnitude of the

flood itself. Therefore, their strong associations with attributes, such as mean precipitation and steepness of the catchment,

largely reflect the size of the floods rather than differences in model skill. This screen identified the BFI as the attribute most

strongly associated with systematic bias in both model types, motivating the targeted analysis of Sect. 3.4.220

2.7 Model feature importance on held-out flood magnitude events

Feature importance was assessed through post-hoc analysis, using methods appropriate to each model type. For the RF, feature

importance was quantified using TreeSHAP (Lundberg et al., 2020), with SHAP values computed for every predictor and held-

out flood-magnitude day. For the LSTM, feature importance was quantified using Integrated Gradients (IG) (Sundararajan

et al., 2017), applied separately to each held-out flood-magnitude prediction. The feature importance analysis was conducted225

for all three evaluation settings, in addition to the perturbation experiments on the five-fold setting.

In addition to calculating local attribution values for each flood magnitude event, predictor-level attribution was summarized

using mean absolute attribution magnitudes across all held-out flood magnitude events per predictor. For the LSTM, due to

the temporal lag structure of the dynamic predictors, absolute IG attributions for each dynamic predictor (i.e., precipitation,

temperature, and PET) were summed across the input sequence for each event and subsequently averaged across held-out230

flood magnitude events. The static attributes have only one attribution per event, so were averaged directly across events. For

the five-fold evaluation setting experiments, attribution summaries were calculated per fold, and then averaged across the five

folds. Further, to allow an approximate comparison of how the two model types distributed attribution share among sources

of information when considered as process-groups (see Table 2), absolute attributions were additionally aggregated into three

groups: (i) event-day forcing, comprising meteorological inputs on the flood-magnitude day; (ii) antecedent meteorology,235

comprising meteorological information preceding the flood-magnitude day; and (iii) static attributes. The feature importance

value assigned to each information group was expressed as a share of the total absolute attribution across the three groups, such

that the group shares summed to one within each fitted model.

Finally, to examine the timescales over which the two different model types use antecedent information, an attribution-

weighted mean lag, referred to as a memory centroid, was also calculated for each dynamic predictor. For the LSTM, this was240

calculated across the 30-day lag sequence (lags 0 - 29). For the RF, a measure was calculated by weighting the flood magnitude

day and engineered -3, -7, -14, and -30 day predictors (0, 3, 7, 14, and 30 days) by their mean absolute TreeSHAP values.

Due to the RF predictors being engineered features, whereas the LSTM implicitly learns from the memory sequence, the

resulting centroids are not directly comparable. Instead, the centroids are used to compare changes in antecedent information
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Table 2. Process-level groups for comparison of feature importance. The RF and LSTM encode temporal information differently. Note

that the RF receives engineered summaries as separate predictors, whereas the LSTM receives daily meteorological sequences. LSTM

dynamic feature importance is partitioned using the lag-specific IG distribution rather than by treating individual sequence elements as

independent predictors. Static LSTM attributes are attributed with respect to the original static input vector and are not multiplied by sequence

length.

Information group RF representation LSTM representation RF n LSTM n Interpretation

Event-day forcing Event-day P , T , and PET Lag-0 element of each dynamic

sequence

3 3 Meteorological

conditions on the

flood-magnitude day.

Antecedent meteorology P sums and T /PET means over 3-, 7-,

14-, and 30-day windows

Antecedent elements of each dynamic

sequence (lags 1-29)

12 87 Meteorological

information preceding

the flood event.

Static catchment

information

22 CAMELS-GB attributes The same catchment attributes 22 22 Time-invariant

information describing

differences among

catchments.

across evaluation settings and forcing input ablations within each model type. Details for all feature importance calculations245

are provided in Appendix C.

2.8 Model performance and feature importance robustness experiments

The five-fold evaluation setting was used as a common framework for a series of matched robustness experiments. These

experiments were designed to test whether predictive performance and feature importance persist when different components

of the modeling framework are changed, while retaining the same underlying evaluation partitions.250

We explored perturbations to three different components of the modeling framework. This includes (1) the predictive

information available to the model, (2) stochastic model fitting, and (3) the representation of antecedent information. The

first two were applied equivalently to both model types, whereas the third was architecture-specific. Predictor-availability

sensitivity was assessed using matched ablation experiments in which precipitation, temperature, PET, and static catchment

attributes were independently removed one at a time. Each ablation was repeated across all five folds for both model types,255

while retaining the corresponding train–test partitions.

Stochastic model fitting sensitivity was then assessed by repeating model fitting with different random seeds. In each fold,

the reference seed (193893) was supplemented by four additional seeds. Next, model-specific experiments tested sensitivity to

the representation of antecedent hydrometeorological information. For the RF, seven engineered predictor bases were evaluated

across the five folds, including the default configuration (Appendix Table A6). The bases vary the number, duration, and overlap260

of engineered antecedent windows, while retaining a common 30-day maximum horizon. For the LSTM, sensitivity to temporal

representation was assessed using sequence lengths of 14, 30, and 60 days, with L=30 defining the reference configuration.

The L=14 and L=60 experiments contributed 10 additional model–fold fits across the five folds.
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Table 3. Robustness experiments for five-fold fitted models. There are 47 directly comparable model fits for the LSTM and RF, including

the main evaluation settings, and the four input ablations and training seed changes on the five-fold evaluation setting. The sequence lengths

and predictor base changes are LSTM- and RF-specific perturbations, respectively, tested on the five-fold evaluation setting only.

Model Experiment family Configurations Folds Model fits

RF Main evaluation settings Temporal; single-split spatiotemporal; five-fold

BFI-stratified

1; 1; 5 7

RF Input ablations −P ; −T ; −PET; −static attributes 5 20

RF Training seeds 4 additional seeds 5 20

RF Predictor bases 7 engineered bases (incl. default) 5 35

LSTM Main evaluation settings Temporal; single-split spatiotemporal; five-fold

BFI-stratified

1; 1; 5 7

LSTM Input ablations −P ; −T ; −PET; −static attributes 5 20

LSTM Training seeds 4 additional seeds 5 20

LSTM Sequence lengths L14, L60 (L30 = reference) 5 10

Total model fits 139

Together, these experiments test robustness to catchment sampling, predictor availability, stochastic fitting, and antecedent

representation. We use the term robustness of feature importance to describe model inference agreement across these perturbations265

rather than treating their spread as a formal decomposition of hydrological uncertainty. Patterns that persist across perturbations

are interpreted as more robust properties of model information use, whereas patterns that vary substantially are considered more

conditional on model type or experimental design. We do not claim to have tested for all sources of uncertainty.

3 Results

3.1 Model performance on held-out flood magnitude events270

The RF outperformed the LSTM in all 47 directly comparable model fits for R2, MAE, RMSE, and absolute PBIAS. Pooled

R2 was highest under temporal evaluation (RF 0.86, LSTM 0.68) and decreased when both years and catchments were

withheld. Under single-split spatiotemporal evaluation, pooled R2 was 0.71 for the RF and 0.47 for the LSTM, and 0.77

and 0.56, respectively, under the five-fold setting (Fig. 1a). The single-split spatiotemporal setting rests on one fixed draw of

the holdouts and contains substantially fewer aligned flood magnitude events (n= 1,436 versus 7,147), making its estimate275

more sensitive to the particular withheld catchments, which were selected randomly. Hence, the five-fold results provide a

more robust assessment across alternative catchment partitions.

The LSTM consistently underestimated flood magnitudes, with pooled PBIAS ranging from −29% to −33% across

the three evaluation settings, whereas the RF bias remained closer to zero (−6% to −12%) (Fig. 1b). Moreover, for both

model types, performance calculated after pooling predictions across catchments was substantially higher than performance280

calculated separately within individual catchments. Within-catchment analyses retained 392 catchments in the temporal and

five-fold evaluation settings, and 77 catchments in the single-split spatiotemporal setting. Under the five-fold evaluation setting,

10

https://doi.org/10.5194/egusphere-2026-5890
Preprint. Discussion started: 19 October 2026
c© Author(s) 2026. CC BY 4.0 License.



pooled R2 values of 0.77 (RF) and 0.56 (LSTM) contrasted with median within-catchment R2 values of only 0.13 and −0.73,

respectively.
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Figure 1. Performance on held-out flood magnitude events across evaluation settings and input-feature ablations. The RF is shown

in blue and LSTM in red. Columns show the three evaluation settings, and the input-feature ablations on the five-fold evaluation setting, in

which precipitation, temperature, PET, and static attributes were removed in turn. (a) Within-catchment R2 distributions (violins; horizontal

bars mark the catchment median and vertical bars the interquartile range) together with pooled R2 across held-out flood magnitude events

(for the five-fold setting, this is averaged across the five folds). The dashed line marks a maximum R2 value of 1, and violins are clipped at

−10 for visualization purposes. (b) Corresponding pooled and within-catchment PBIAS, where negative values indicate underestimation,

and are clipped at ±100 %. (c, d) Within-catchment R2 mapped for (c) the RF and (d) the LSTM, with one panel per column setting and

map colors capped at ±1 for visualization. Within-catchment R2 and PBIAS are computed only for catchments with at least ten held-out

flood magnitude events, whereas pooled values use all held-out observations.

The within-catchment R2 was negative in 44% of eligible RF catchments and 78% of eligible LSTM catchments (Fig. 1a;285

Appendix Table A9). The contrast between pooled R2 and within-catchment R2 indicates that pooled performance is supported

by between-catchment differences in flood magnitude. In contrast, the within-catchment skill is much weaker. This pattern is
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also evident in the mapped within-catchment R2 values (Fig. 1c,d), which show widespread negative performance across GB,

in particular for the LSTM.

Input-feature ablation experiments within the five-fold framework assessed the sensitivity of predictive skill to removal290

of predictors (Fig. 1, shaded columns). Removing precipitation reduced RF pooled R2 from 0.77 to 0.64, while pooled

bias remained similar to the reference value. In contrast, removing precipitation caused LSTM performance to collapse,

reducing pooled R2 to −0.84 and increasing PBIAS to −84%, while within-catchment R2 became negative in all 392 eligible

catchments. Removing static attributes reduced LSTM pooled R2 to 0.35 and increased underestimation (PBIAS =−44%),

whereas the corresponding reduction for the RF was modest (0.77 to 0.72). Removing temperature or PET altered pooled R2295

by less than 0.03 for either model. Finally, additional perturbation experiments (i.e., alternative training seeds, LSTM sequence

lengths, and RF predictor bases) generally produced changes in pooled performance that were smaller than the fold-to-fold

variation of the reference five-fold models, with the exception of LSTM PBIAS at sequence length L= 14 (Appendix Fig. B2;

Tables A8 and A10).
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Figure 2. Prediction bias as a function of flood magnitude within each catchment. Within each catchment, held-out flood magnitude

events are ranked by observed flood magnitude and grouped into quintiles (Q1, the smallest, to Q5, the largest). Fractional bias is defined

here as (prediction − observation)/observation, with zero being unbiased. Negative values indicate underprediction, and positive values

indicate overprediction of flood magnitude. For each catchment and quintile, the median fractional bias is calculated, and points show the

median of these catchment-level values across catchments. Shaded bands indicate the corresponding interquartile range (RF blue, LSTM

red). Panels follow the same columns as Fig. 1, with the three evaluation settings and the input-feature ablations for the five-fold evaluation

setting. Catchments with fewer than ten held-out flood magnitude events are excluded from this analysis.

When considering prediction error at the within-catchment scale (Fig. 2), bias varied with flood size. Under the five-fold300

evaluation setting, the RF overpredicted the smallest floods within each catchment (median fractional bias ≈+0.15) and

progressively underpredicted larger floods, crossing zero near the median quintile and reaching approximately −0.23 for the

largest events. On the other hand, the LSTM underestimated flood magnitudes by an approximately constant fraction (≈−0.30

to −0.33) across all quintiles. Both models underpredicted the largest floods, and these patterns were consistent across the

evaluation settings. Also, removing precipitation steepened the RF bias gradient, and shifted the LSTM toward a nearly uniform305
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fractional bias of approximately −0.85. Removing static attributes deepened the LSTM underestimation (to approximately

−0.45) without changing its magnitude independence, while flattening the RF bias gradient. Removing temperature or PET

produced little change in either model type.

3.2 Feature importance on held-out flood magnitude events

After outlining predictive skill, we next examine feature importance to understand how the model fits use the available features.310

Both model types were dominated by precipitation-related information, but differed in how feature importance was distributed

across individual features, and whether it was static or dynamic (Fig. 3, which displays the top 12 predictors). Under the five-

fold reference setting, the RF’s three highest-ranked predictors were long-term mean precipitation (p_mean), the frequency

of low-precipitation days (low_prec_freq), and 3-day accumulated precipitation (Precipitation_3d). The first two

of the three leading predictors are static attributes, and describe long-term precipitation indices rather than dynamic event-315

day forcing information, and are computed over the full 1970 - 2022 record. The feature importance of dynamic antecedent

precipitation declined approximately monotonically with accumulation window length (3 d > 7 d > 14 d > 30 d), whereas

temperature and PET did not rank among the top 12 predictors. For the LSTM, precipitation also dominated feature importance,

approximately four times the feature importance on temperature, and six times that on PET. Feature importance patterns were

broadly stable across the three evaluation settings for each of the model types.320

Input-feature ablations produced contrasting patterns of compensation in the two model types. Removing static attributes

substantially increased RF feature importance on dynamic precipitation, while reducing pooled R2 by only 0.05. In the LSTM,

removing static attributes increased feature importance of all three dynamic forcings (precipitation +0.71, temperature +0.50,

PET +0.47), but with a cost of a 0.21 reduction in pooled R2. Removing precipitation produced different responses across

the model types. The RF redistributed feature importance toward static catchment attributes, with the largest relative increases325

occurring for land-cover and soil descriptors (crop_perc +68%, soil_depth_pelletier +71%), together with an

increase in p_mean (+25% to 5.18). However, pooled R2 only decreased by 0.13. It is important to note that p_mean is

a static attribute, so was not removed when ablating dynamic precipitation. In contrast, when precipitation was removed, the

LSTM shifted feature importance toward the remaining meteorological forcings (PET +1.13, temperature +0.79) and R2 fell

to −0.84. Substitution between the energy-related forcings was asymmetric, as removing temperature approximately tripled330

feature importance on PET (+1.07), whereas removing PET produced no detectable change in temperature feature importance.
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Figure 3. Feature importance on individual predictors across evaluation settings and input ablations. The 12 highest-ranked predictors

are shown for each model: (i) RF with TreeSHAP (mean absolute SHAP value per held-out flood magnitude day, mm d−1); and (ii) LSTM

with IG (mean absolute attribution per held-out flood magnitude day). Columns show the three evaluation settings followed by the four

ablation perturbations performed on the five-fold evaluation setting. Bars are colored by predictor type: dynamic precipitation-related

variables (blue), temperature (orange), PET (green), and static attributes (purple). Note that missing bars denote predictors removed in a

given ablation. The five-fold setting is the reference (shaded). Values are means across the five folds, except for the temporal and single-split

spatiotemporal settings, which are single model fits.

Next, when feature importance was considered in information groups by process-group shares (Fig. 4), event-day forcing

accounted for only a small fraction of feature importance in either architecture (0.07 for the RF and 0.15 to 0.19 for the

LSTM), with the remainder divided between antecedent meteorology (including precipitation, temperature, and PET occurring

before the flood magnitude day itself) and static catchment attributes. Group composition was almost invariant across the three335

evaluation settings, as no group changed by more than 0.04 despite pooled R2 differences occurring (see Fig. 1). Removing

temperature or PET likewise altered group shares by no more than approximately 0.03. The remaining two ablations produced

larger, model-type-specific redistributions. Removing precipitation increased the RF static share from 0.67 to 0.90, whereas the

LSTM antecedent share increased from 0.46 to 0.75, indicating that the RF compensated primarily with catchment information

while the LSTM relied more heavily on the remaining meteorological sequence. Removing static catchment attributes shifted340

both models toward dynamic forcing in similar proportions (RF 0.23 event day / 0.77 antecedent; LSTM 0.18 event day /

0.82 antecedent), suggesting that the difference between the two model types lies in the weight assigned to static attribute
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information rather than in how meteorological information is partitioned between event-day and antecedent conditions. The

Appendix displays additional feature importance results, including the additional robustness analyses testing perturbations of

training seeds, predictor changes for the RF, and sequence length changes for the LSTM (Figs. B3-B5).345
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Figure 4. Composition of feature importance by process-group share, and its redistribution under input ablation. Feature importance

is aggregated into the three groups defined in Table 2, event-day forcing, antecedent forcing, and static attributes. Results are normalized

within each model, so that the three shares sum to one, before averaging across the five folds. RF values are based on TreeSHAP and LSTM

values on IG. The LSTM split between event-day and antecedent forcing uses the lag-resolved attribution profile (lag 0 versus lags 1-29).

Rows show the three evaluation settings followed by the four matched five-fold ablations. The five-fold setting (shaded) is the reference, and

the annotation to the right of each row gives the largest change in group share relative to that reference. Because the two models not only

represent antecedent information differently, i.e., 30 sequence steps in the LSTM versus engineered accumulation windows in the RF, but

also contain different numbers of predictors per group, absolute group shares are not directly comparable between panels. Changes between

rows are comparable because representation is fixed within each model.

3.3 Feature importance on antecedent information across timescales

The two model types concentrated feature importance on antecedent precipitation at short timescales, but with different

temporal profiles (Fig. 5 (a) and (b)). Under the five-fold evaluation setting, the RF placed its greatest feature importance

on the 3-day accumulated precipitation predictor (2.21), exceeding feature importance on event-day precipitation (1.04), and

declined thereafter (7 d 0.86, 14 d 0.22, 30 d 0.18). The LSTM also relied more strongly on precipitation immediately preceding350

the flood magnitude day than on precipitation occurring on the day itself, peaking one day beforehand (1.51 versus 1.35) and

declining by approximately an order of magnitude within three days, with 79 % of total precipitation attribution occurring

within the first four lags.
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Figure 5. Representation of antecedent meteorological information across timescales. The rows correspond to the three dynamic forcings

(precipitation, temperature, and PET). (a) RF feature importance (TreeSHAP; mean absolute SHAP value per held-out flood magnitude day)

as a function of engineered antecedent window length, from the flood magnitude day (0) to 30 days beforehand. (b) LSTM feature importance

(IG; mean absolute attribution per held-out flood magnitude day) as a function of daily lag, shown on a logarithmic vertical axis because

attribution spans approximately two orders of magnitude between the leading lags and the tail. (c) Attribution-weighted mean lag ("memory

centroid") for each model and evaluation setting, representing the characteristic timescale over which each model relies on antecedent

information. The three evaluation settings are shown in shades of gray (the five-fold evaluation setting, shown in bold black, is the reference),

and the ablation experiments are shown in color. A forcing cannot appear in its own ablation, so the corresponding position in its own row

is empty. Values for the five-fold settings are means across the five folds. The temporal and single-split spatiotemporal settings are single

model fits. LSTM centroids are calculated across the complete 30-day input sequence (lags 0-29). RF and LSTM centroids are not directly

comparable in magnitude because RF window importance is assigned at the window’s full nominal length, whereas LSTM attributions

resolve individual days, so centroids should be compared across settings and forcings within each model.

Despite their different representations of antecedent conditions, both models emphasized precipitation immediately preceding

the flood magnitude day over precipitation on the flood magnitude day itself. Temperature and PET were represented over much355
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longer timescales than precipitation. In the RF, feature importance on both these variables increased with antecedent window

length rather than declining, resulting in memory centroids approximately three times longer than that of precipitation (14.3

and 15.2 days versus 4.7 days). The LSTM also showed a similar ordering (8.8 and 10.7 days versus 3.3 days). Thus, both

model types emphasized precipitation primarily as event-scale forcing, whereas the energy-related variables (temperature and

PET) extended over longer antecedent timescales.360

Removing static catchment attributes in the five-fold setting lengthened antecedent memory in both model types. The

precipitation memory centroid (Fig. 5 (c)) increased from 4.7 to 8.2 days in the RF and from 3.3 to 6.0 days in the LSTM,

while the fraction of LSTM precipitation attribution occurring within the first four lags decreased from 0.79 to 0.64 (Fig. 5

(b)). Similar lengthening occurred for temperature (RF 14.3 to 15.9 days; LSTM 8.8 to 13.1 days) and for LSTM PET (10.7 to

14.7 days). The only exception was RF PET, whose memory centroid shortened from 15.2 to 12.2 days. For the RF, the longer365

precipitation memory following the removal of static attributes did not arise from a uniform shift across accumulation windows

but instead from a redistribution toward the longest engineered predictor. Feature importance on the 30-day accumulated

precipitation predictor increased approximately tenfold (from 0.18 to 1.81), whereas the 14-day predictor increased by less

than fourfold, producing a non-monotonic feature importance profile.

Removing precipitation in the five-fold evaluation setting produced different changes in the representation of antecedent370

temperature and PET between the model types. For the LSTM, the temperature memory centroid increased from 8.8 to 14.2

days, and the PET from 10.7 to 14.2 days. However, for the RF, the temperature centroid decreased from 14.3 to 9.7 days, and

the PET from 15.2 to 10.3 days. Therefore, removing precipitation redistributed feature importance toward longer antecedent

timescales in the LSTM, but toward shorter antecedent windows in the RF.

The LSTM precipitation memory centroid was shortest under temporal evaluation, where all catchments were available375

during training (3.0 days), and slightly longer under the two spatiotemporal evaluation settings (3.3-3.4 days). Removing static

attributes represented the strongest expression of this trend. Removing temperature or PET changed precipitation memory by

less than 0.6 days in either model type.

3.4 Two roles of the static attributes

The static attributes were found to contribute in two different ways to flood magnitude prediction (Fig. 6). First, the static380

attributes corrected a systematic BFI-related bias, and this pattern was consistent across both model types. Catchment PBIAS

was found to be correlated with BFI when static attributes were included (Spearman ρ=+0.36 for the RF, and +0.21 for the

LSTM), and removing the static attributes strengthened these relationships to ρ=+0.72 and +0.61, respectively (Fig. 6b).

Without static attributes, both model types increasingly underpredicted flood magnitude in flashy, low-BFI catchments and

overpredicted it in high-BFI, groundwater-dominated catchments. For the LSTM, mean PBIAS without static attributes ranged385

from −64.5% in catchments with BFI < 0.40 to +29.0% in catchments with BFI ≥ 0.70, and intermediate BFI bands fell

between these extremes (Fig. 6b). The RF showed the same overall pattern, but had a considerably larger positive bias in the

highest-BFI band (mean +142.3% versus +29.0% for the LSTM). Therefore, the same BFI-related bias structure emerged

in both the event-based RF and the sequence-based LSTM. Spatially, LSTM bias without static attributes was predominantly
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negative across GB, with positive biases confined to a relatively small number of high-BFI catchments in southern and eastern390

England (Fig. 6a). Because the main five-fold and static-attributes-ablated models were trained and evaluated on identical folds,

this comparison is internally controlled with respect to the fold design (Sect. 2.5).

The second role of the static attributes is that they shortened the antecedent period over which both models relied on

precipitation. For the LSTM, removing static attributes shifted the mean of the catchment-level precipitation memory centroids

(392 catchments) from 3.72 to 6.29 days, corresponding on average to a lengthening of 2.58 days. The increase was quite395

consistent across the BFI gradient, with band means ranging from +2.34 to +2.79 days across the four BFI bands. There

was nevertheless a weak negative association between BFI and catchment-specific change in centroid (Spearman ρ=−0.15,

Holm-adjusted p= 0.009; Fig. 6d).

(a)
BFI  0.70 (n=27)

100 75 50 25 0 25 50 75 100
catchment PBIAS (%)

0.40 0.45 0.50 0.55 0.60 0.65 0.70
baseflow index

50

25

0

25

50

75

100

ca
tc

hm
en

t 
PB

IA
S 

(%
)

(b)
RF, reference ( =+0.36)
RF, statics removed ( =+0.72)

LSTM, reference ( =+0.21)
LSTM, statics removed ( =+0.61)

0.2 0.4 0.6 0.8
baseflow index

2

4

6

8

10

pr
ec

ip
it

at
io

n 
m

em
or

y
ce

nt
ro

id
 (

da
ys

)

(c)
reference ( =+0.32)
statics removed ( =+0.14)

<0.40 0.40 0.550.55 0.70 0.70
baseflow index band

2

0

2

4

6

ch
an

ge
 in

 m
em

or
y

ce
nt

ro
id

 (
da

ys
)

n=25
+2.36 d

n=194
+2.79 d

n=146
+2.34 d

n=27
+2.54 d

(d)

overall mean +2.57 d

Figure 6. BFI-related bias correction and modulation of antecedent memory usage. (a) Within-catchment PBIAS for the LSTM after

removing static attributes under the five-fold evaluation setting. Blue denotes underprediction and red overprediction (catchments with BFI

≥ 0.70 are outlined). Colors are clipped to ±100%. (b) Catchment PBIAS as a function of BFI for both model types with and without static

attributes, and points show means within BFI bands with standard errors. In addition, Spearman correlations are reported in the legend. (c)

LSTM precipitation memory centroid as a function of BFI, where points represent individual catchments and lines connect BFI-band means.

(d) Increase in the LSTM precipitation memory centroid after removing static attributes, grouped by BFI band. Boxes show the interquartile

range, whiskers the non-outlier range, and the dashed line the overall mean. Bands are left-closed (e.g., BFI ∈ [0.55,0.70)). These reporting

bands are distinct from the BFI quartiles used to stratify the folds, and each band contains held-out catchments from all five folds. The

memory-centroid analysis is shown only for the LSTM because the RF represents antecedent information using fixed accumulation windows

rather than daily lags.
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With static attributes available, the precipitation memory centroid increased modestly with BFI (ρ=+0.32). After static

attributes were removed, this relationship weakened to ρ=+0.14. A permutation test in which the observed per-catchment400

shifts were randomly re-assigned across catchments (2,000 permutations) reproduced most of this weakening (mean ρ=

+0.21, 95 % range +0.13 to +0.28, against +0.14 observed). This indicates that the weakening may be largely attributable

to BFI-unstructured variability in the size of the shift rather than to a systematically larger lengthening in any catchment

type. Thus, static attributes are found to correct a BFI-dependent prediction bias in both model types. In the LSTM, they also

shortened precipitation memory by about 2.6 days. The latter effect occurs broadly across the BFI spectrum, although there is405

a weak tendency for the amount of lengthening to decrease with BFI.

4 Discussion

The central result of this study is that predictive skill and hydrological process interpretation from feature importance analysis

are not interchangeable properties of a fitted model. First, we provide large-sample evidence across 139 model fits of two

model types that feature importance structure was both nearly invariant to evaluation setting and reorganized when predictor410

representation was changed (Figs. 3 and 4). Second, both model types achieved useful pooled skill (Fig. 1), but with largely

negative within-catchment skill, while maintaining plausible feature importance results. This indicates that predictive skill, and

the feature importance patterns supporting it, are largely derived from inter-catchment variability rather than within-catchment

variability for flood magnitude estimation. Therefore, feature importance findings should be considered at the scale at which

good predictive skill is actually attained, and as conditional on the properties of a fitted model, such as predictor representation,415

evaluation setting, and training data sample (Breiman, 2001b; Fisher et al., 2019; Rudin, 2019; Slater et al., 2025), rather than

as real hydrological process importance. Our findings are consistent with the broader issue of non-unique model representations

and interpretations in hydrology (Beven and Freer, 2001; Beven, 2020). These findings do not diminish the value of feature

importance methods, but instead suggest that ML-based interpretation of floods is more defensible when feature importance

patterns are assessed across robustness experiments, and are interpreted and reported at the scale where skill actually exists.420

These findings contribute to the intersection of two areas of recent hydrological ML research. Large-sample rainfall-runoff

studies have shown that LSTMs and related DL models achieve strong daily streamflow performance across diverse catchments,

including in GB (Kratzert et al., 2018, 2019b; Lees et al., 2021, 2022; Kratzert et al., 2024). At the same time, other studies

have argued that strong predictive performance does not necessarily imply reliable extrapolation to extreme events, physically

realistic behavior, or interpretable internal representations (Gauch et al., 2021b; Heudorfer et al., 2025; Nearing et al., 2021;425

Beven, 2020). Our results speak to both findings, and extend both areas to flood magnitude estimation instead of the entire

hydrograph for streamflow prediction. We find that the LSTM retained useful pooled skill on held-out flood magnitude events,

but systematically underestimated flood magnitudes, including the largest events (Fig. 2), and differed in feature composition

across information groups compared to an event-based RF (Fig. 4). The key distinction is not whether DL is useful for flood

estimation, but whether predictive performance and feature importance patterns can be interpreted as hydrological evidence430
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without further testing of their stability under methodological perturbations and across scales of analyses (pooled and within-

catchment).

4.1 Predictive skill is largely inter-catchment skill

As anticipated, the RF outperformed the LSTM in every directly comparable model fit and for every performance metric

(Fig. 1, Table A9 and Table A8), highlighting that an event-based tabular ML model trained directly on events is suited to435

estimating flood magnitude. This is because the task of the RF was arguably easier, given that it only had to learn a specific

part of the distribution. However, the aim of the study was not a competitive comparison, and this is not evidence that RFs are

generally superior to LSTMs. In light of this, our results complement previous demonstrations of strong daily rainfall-runoff

performance by LSTMs, by testing their performance and feature importance patterns for flood magnitude events alongside a

RF, within a multi-experimental robustness framework. More telling was the scale at which predictive skill emerged for the RF440

and LSTM. Pooled performance greatly exceeded within-catchment performance, with negative within-catchment R2 in many

RF catchments and in most LSTM catchments (Fig. 1). This divergence indicates that the apparent pooled skill is because both

models can predict where floods are large much better than how large they may be within a given catchment. However, because

within-catchment skill is arguably the problem most relevant to event-scale flood estimation and to process understanding, high

pooled performance should not be taken to imply skill at all scales, and the difference between pooled and within-catchment445

performance should be reported routinely in large-sample studies.

The RF’s feature importance structure provides an explanation for this prediction gap between scales. Two of its three

leading predictors described static long-term precipitation climatology rather than event-scale dynamic precipitation (Fig. 3).

These variables assist RF models in efficiently distinguishing catchments with systematically larger floods, explaining much

of the model’s pooled performance while contributing relatively little to discriminating flood magnitudes within individual450

catchments. The small performance cost of removing the static attributes (i.e., 0.05 in pooled R2), and moderate cost of

removing precipitation (i.e., 0.13 in pooled R2) do not contradict this. This is because not only does feature importance quantify

the information a fitted model uses (and not the information it uniquely needs), but also the accompanying redistribution of

feature importance shows that the RF reconstructed much of the same between-catchment signal through replacing the static

attributes with precipitation, and vice versa (Fig. 3). This is consistent with recent evidence that static and climatological455

descriptors can function as spatial proxies rather than direct representations of hydrological processes (Li et al., 2022; Heudorfer

et al., 2025; Yu et al., 2024; Ford et al., 2026). Crucially, for process inference this flexibility is a cause for concern. Feature

importance is revealing which route the fitted model chose, and not which route is necessarily physically correct or a causal

explanation.

The two model types also failed differently across the range of flood magnitude event sizes. The RF progressively overpredicted460

smaller floods and underpredicted larger floods within each catchment (Fig. 2), consistent with regression toward the conditional

mean. By contrast, the LSTM underestimated flood magnitudes by an approximately constant fraction across the full range of

event sizes, aligning with continuous rainfall-runoff models trained using squared-error objectives (Gupta et al., 2009). Further,

the underestimation of the largest peaks has been reported, even where LSTMs have outperformed process-based models for
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extremes (Frame et al., 2022). This underestimation may be partly explained by peak-timing offsets, because the LSTM was465

evaluated on the observed flood magnitude day and not tested for its own simulated magnitude, which may differ in timing.

4.2 The two model types rely on similar information, different static weighting, and consistent antecedent timescales

Across both model types, precipitation-related information dominated feature importance, whereas temperature and PET

contributed substantially less (Fig. 3). This is consistent with existing knowledge of GB flood generation mechanisms being

largely dominated by storm forcing interacting with antecedent catchment wetness, and energy-related variables reflecting470

broader seasonal conditions (Berghuijs et al., 2019; Griffin et al., 2025). Both models were supplied with dynamic and static

precipitation predictor information, and where the two model types differed was in how this information was weighted. For

example, the RF concentrated feature importance primarily on precipitation-related static descriptors, whereas the LSTM relied

more on temporal sequences of precipitation (Fig. 3). These differences do not necessarily indicate competing hydrological

explanations, but reflect that the RF receives antecedent precipitation through predefined engineered accumulation windows,475

while the LSTM learns temporal dependencies directly from ordered meteorological sequences. In statistical learning, multiple

well-performing models may achieve similar predictive accuracy through different predictor relationships, also known as the

Rashomon effect (Breiman, 2001b). Hydrology has long recognized a similar principle as equifinality (Beven and Freer, 2001;

Beven, 2020), here relating to predictor representation instead of parameters.

The input-feature ablation experiments indicate that the RF and LSTM compensated differently when predictive information480

was changed (Fig. 3). Removing precipitation reduced predictive skill in both model types, but far more so for the LSTM,

collapsing its pooled skill below that of the observed mean. Despite this, both models still provided plausible feature importance

patterns (Figs. 3 and 5). In the absence of precipitation, the RF redistributed feature importance toward static catchment

attributes and retained good pooled skill, whereas the LSTM shifted focus to temperature and PET (Figs. 3 and 5). When

static attributes were removed, both model types partitioned remaining dynamic forcing between event-day and antecedent485

information in similar proportions. This could suggest that a principal difference between model feature usage lies in the

weight assigned to static attributes, rather than how dynamic meteorological information is used. However, it is important

to consider that model type and attribution method (TreeSHAP vs IG) are confounded in this comparison, so the feature

importance rankings for the same held-out flood events cannot be entirely attributed to architectural differences. Moreover, a

small reduction in predictive performance when removing a feature does not imply that the feature is redundant. This is because490

some features may have overlapping information and be correlated with one another (Strobl et al., 2008). With this in mind,

our results suggest that a plausible feature importance pattern does not translate to predictive skill, as the LSTM produced a

physically meaningful feature importance pattern while performing poorly.

The agreement between the two model types is informative, because despite representing antecedent information in fundamentally

different ways, the RF and LSTM converged on a consistent usage ordering of hydrological timescales. Both models relied495

more strongly on precipitation immediately preceding the flood event than on precipitation occurring on the flood magnitude

event itself, and assigned longer timescales to temperature and PET (Fig. 5). These findings are consistent with previous

hydrological studies identifying storm forcing and antecedent wetness as dominant controls on flood response, and energy-
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related variables providing slower catchment conditioning (Berghuijs et al., 2016, 2019; Brunner and Dougherty, 2022).

Recovering the same ordering of timescales despite these contrasting representations suggests that the separation between500

short precipitation memory and longer energy-related memory reflects the prediction problem more so than the modeling

framework. However, in the RF, the 3-day precipitation window includes the event-day precipitation, so event-day and short-

term antecedent precipitation are not entirely distinct.

4.3 Feature importance is robust at the process-group level but variable at the predictor level

The robustness experiments distinguish aspects of feature importance that are consistently reproducible, and those that remain505

more contingent on modeling choices. Across the temporal, single-split spatiotemporal, and five-fold evaluation settings,

predictive skill changed substantially, but the broad composition of feature importance changed comparatively little (Figs. 3

and 4). This could be interpreted as a decoupling between feature importance patterns and predictive skill (Sect. 3.2). On the

other hand, this stability may be argued to be expected because the three settings resample the same catchment population, so

fitted mappings can come from overlapping information, reflecting broad learned patterns.510

Alternative training seeds, LSTM sequence lengths, and RF predictor sets produced minor changes in the feature importance

patterns (see Figs. B3, B5 and B4). At the level of broad process groups, feature importance therefore proved more stable than

might be expected given the known sensitivity of predictive skill to spatial transfer (Kratzert et al., 2019b; Lees et al., 2021)

and recent discussion regarding the robustness of explainable ML in hydrology (Slater et al., 2025; Ford et al., 2026).

The limits of model interpretation became apparent at finer, individual predictor-level, scales. Across the engineered RF515

predictor bases (Fig. B4), feature importance on individual precipitation windows varied substantially, whereas feature importance

on the dominant static climatic predictors remained comparatively stable. This may be expected, because overlapping accumulation

windows encode much of the same antecedent information, allowing feature importance to redistribute among whichever

summaries are supplied by the modeler. Thus, predictor-level rankings within a correlated group can be argued to be a property

of the modeler’s decision, not that of the catchment behavior.520

4.4 Static attributes perform multiple roles

Static attributes are recognized as essential for large-sample hydrological prediction because they encode differences in climate,

geology, soils, topography, and storage characteristics that cannot be inferred from meteorological forcings in isolation (Kratzert

et al., 2019b; Lees et al., 2021, 2022; Coxon et al., 2026; Ford et al., 2026). Moreover, static attributes have been at the center of

recent discourse, regarding their use in ML models and how physically meaningful they may be (Heudorfer et al., 2025, 2026;525

Li et al., 2022). Our results further refine this interpretation by showing that their contribution cannot be summarized by a

single feature importance value (Fig. 6), as our work suggests they may perform at least two distinct functions with different

spatial structure.

The first role is a bias correction organized along the BFI gradient (Fig. 6). Removing static attributes strengthened the

relationship between prediction bias and BFI in both model types, approximately doubling the correlation for the RF and530

tripling it for the LSTM. This related to systematic underprediction in flashy catchments and overprediction in groundwater-

22

https://doi.org/10.5194/egusphere-2026-5890
Preprint. Discussion started: 19 October 2026
c© Author(s) 2026. CC BY 4.0 License.



dominated catchments (Fig. 6). This could be reasoned due to without static attributes, the models may learn a single pooled

average mapping from forcing to streamflow. Therefore, for the same rainfall, steep and low-permeability catchments produce

much larger peak flows than high-BFI catchments, with the average mapping underpredicting the former and overpredicting

the latter. Static attributes can be used as proxies to allow the model to scale responses. Because a similar bias correction535

pattern emerged in both the event-based and sequence-based models, this finding is more attributable to the availability of

static attributes than to modeling architecture. It is also arguably physically meaningful, being consistent with the role of

catchment storage and flow attenuation in modulating flood response (Lees et al., 2021; Lane et al., 2019). However, this could

also be interpreted as spatial-proxy behavior.

The identified bias structure is not attributable to the BFI-stratified five-fold evaluation setting design. This is because the540

quartiles used to stratify the folds are distinct from the fixed-threshold bands used for reporting, and each band contains held-out

catchments from all five folds. Critically, any optimism introduced by the fold design applies equally to the reference five-fold

and static-attribute-ablated models. Therefore, if anything, the stratification is conservative with respect to this result because

every held-out high-BFI catchment had other high-BFI catchments available in training. Despite this, the bias continued to

emerge. This can be explained because a model without static attributes is unable to identify which held-out catchments those545

training examples may resemble.

Further, static attributes shortened the antecedent period over which both models relied on precipitation (Sect. 3.3). For

the LSTM where this response can be understood at the catchment level, little spatial organization was observed. Antecedent

memory lengthened by a similar amount across the full BFI gradient rather than preferentially in catchments where longer

hydrological memory might be expected (Fig. 6). Static attributes supported a modest BFI grading of the memory timescale,550

with longer antecedent integration in higher-baseflow catchments. Their removal degraded that gradient chiefly by adding a

lengthening whose magnitude was largely indifferent to catchment type. This suggests that the static attributes assist the model

in identifying the variability in different catchments long-term wetness. Without the static attributes, this can be inferred only

from dynamic forcing alone, and longer meteorological totals are the best available indicator for this. The lengthening being

largely BFI unstructured, provides consistency with a catchment identification role, rather than a storage memory one.555

Our results suggest that static attributes can both be physically meaningful and act as spatial proxies simultaneously. The bias

correction is spatially structured and physically interpretable, whereas the change in antecedent memory appears to be a more

global property of the fitted sequence model. Therefore, these findings reinforce the broader conclusion that feature importance

should not be interpreted as a direct measure of process importance. A feature importance value for the static predictor group

conflates multiple functions operating at different spatial scales and through different model mechanisms. Separating these roles560

in future work provides a more informative interpretation of how static information contributes to flood-magnitude prediction.

4.5 Implications for flood estimation

Together, these results support the careful interpretation of feature importance in large-sample hydrology ML studies in layers,

which we regard as the study’s main epistemic contribution. We emphasize the need to complement inference methods with

robustness testing. This is because hydrological studies may use a variety of different predictor data sources and information565
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groups. More generally, for UK flood estimation, the Flood Estimation Handbook (FEH) (Reed, 1999) remains a foundation

of design flood estimation as it provides standardized, auditable procedures across gauged and ungauged catchments.

The event-based RF estimated magnitudes on identified flood days with useful skill and interpretable feature importance,

but addresses neither flood timing nor extrapolation to design standards. Here, its usefulness is conditional on the event already

being identified, and is being applied to understand what the model is learning about flood magnitude. Applications requiring570

continuous simulation and hydrograph evolution, retain clear advantages for an LSTM (Kratzert et al., 2018; Lees et al., 2021),

despite its lower event-magnitude accuracy (Fig. 1). The choice between model types should follow modeling purpose rather

than average predictive performance (Yilmaz et al., 2008; Wagener et al., 2001; Gupta et al., 2009; Nearing et al., 2026).

4.6 Limitations and future work

The LSTM was evaluated in a standard continuous-simulation configuration, with a squared-error (NSE) loss function, and a575

30-day sequence length. Extreme-specific losses, probabilistic objectives, considerably longer memory horizons, event-aware

sampling, hybrid constraints, or larger training samples could potentially reduce the systematic underestimation and result in

different feature importance patterns (Frame et al., 2022; Klotz et al., 2022). The 30-day sequence length is relatively short

compared to the 365 days used in previous works for streamflow simulation (Kratzert et al., 2018; Lees et al., 2021). Although

sensitivity analysis was run for sequence lengths of 14 and 60 days, future work could test sensitivity over longer periods. This580

could be useful to further interrogate the underestimation and weaker skill in high-BFI catchments.

The two model types also required different feature importance methods, TreeSHAP for tree ensembles and lag-resolved

gradient attribution for sequence models. Therefore, cross-model comparisons are restricted to relative patterns and aggregated

process-group shares. Furthermore, the CAMELS-GB climate attributes are computed over 1970 - 2022, so they contain

information from the validation and test periods. Because p_mean is the leading RF predictor, this must be considered,585

but the effect is likely small because a 52-year mean is dominated by training-period years. Future work could involve

recomputing indices over the training period. Moreover, the catchment system is only partially observable in the daily data

used from Coxon et al. (2026), i.e., the models receive no explicit information on storm structure, sub-daily precipitation, soil

moisture, or groundwater. High-flow observations are uncertain, and rating curves are often extrapolated beyond the gauged

range (McMillan et al., 2012; Coxon et al., 2015), which may influence performance and feature importance patterns.590

Future work should therefore extend the framework of this study to include a sub-daily comparison, utilizing higher resolution

precipitation and streamflow data. In addition, research could also further test what the ML models learn, using spatially

blocked holdout designs. Also, probabilistic model types, such as quantile RFs could separate conditional-mean error from

predictive uncertainty. Boosted tabular learners, and mass-conserving recurrent architectures, could test whether the feature

importance conclusions and the interpretation of static attributes generalize beyond this study’s limits. It is also advised to595

extend this work beyond flood magnitude to flood frequency, event clustering, hydrograph shape, and compound events.
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5 Conclusions

This study assessed predictive skill and feature importance for large-sample ML flood estimation across two model types, to

investigate what ML models learn about floods. An event-based RF and a continuous sequence-based LSTM were evaluated

on identical held-out flood magnitude events across GB catchments, using 139 model fits spanning three evaluation settings,600

input-feature ablations, training seeds, and alternative representations of antecedent information. The central finding of this

work is that predictive skill and feature importance are not interchangeable properties of a fitted model, and what the model

learns should be investigated alongside optimizing for good predictive skill. Feature importance structure was nearly invariant

to evaluation setting, even as pooled model skill changed considerably. Further, pooled performance substantially exceeded

within-catchment performance across both model types, as much of the apparent skill emerged from the models’ ability to605

capture inter-catchment rather than intra-catchment variability. Thus, the corresponding feature importance patterns describe

how each model used the between-catchment signal, and should be interpreted at the scale at which good predictive skill was

attained (pooled).

The model types also failed differently on the largest floods. The RF had a magnitude-dependent bias, while the LSTM

displayed an approximately constant fractional underestimation. Despite the contrasting model type architectures, the two610

models use broadly similar hydrological information. Both were dominated by precipitation, relied much more on antecedent

conditions than on event days, and represented temperature and PET over longer timescales than precipitation. Their main

difference was found in the weight assigned to static attributes. When static attributes were removed, both models converged

onto dynamic forcing. The RF’s greater feature importance on static long-term precipitation climatology also explains its

strong between-catchment performance and comparatively weak discrimination among events within catchments. Finally, static615

catchment attributes were found to provide two functions: (i) they suppressed a systematic bias organized along the BFI

gradient; and (ii) they shortened the antecedent period over which both models relied on precipitation.

These findings support practices for large-sample ML studies of floods. Pooled and within-catchment skill should be reported

together, and feature importance should be tested across evaluation settings and predictor representations before process

conclusions are inferred.620

Appendix A: Supplementary tables

Table A1. Dynamic hydrometeorological variables used in this study, from CAMELS-GB (Coxon et al., 2026).

Variable Source Units Role in this study

Precipitation (P ) HadUK-Grid mm d−1 Daily dynamic input to the LSTM and event-

day/antecedent predictor for the RF.

Mean air temperature (T ) HadUK-Grid ◦C Daily dynamic input to the LSTM and event-

day/antecedent predictor for the RF.

PET Hydro-PE mm d−1 Daily dynamic input to the LSTM and event-

day/antecedent predictor for the RF.

Specific discharge (Q) UK National River Flow Archive mm d−1 Observed target variable used to identify flood

magnitude events and evaluate model predictions.
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Table A2. Static attributes used in this study. These are from CAMELS-GB (Coxon et al., 2026), and are supplied to both the RF and LSTM

models. The same 22 static attribute types were used in the LSTM configuration of Lees et al. (2021). The static attribute BFI was used only

to define the five folds and was not included as a model predictor.

Attribute group Predictors Hydrological interpretation

Physiography area, elev_mean, dpsbar Describes catchment size, elevation, relief, and topographic

controls on drainage response and runoff routing.

Soil properties sand_perc, silt_perc, clay_perc, porosity_hypres,

conductivity_hypres, soil_depth_pelletier

Describes soil texture, storage capacity, infiltration

potential, hydraulic conductivity, and soil depth.

Snow and land cover frac_snow, dwood_perc_2015, ewood_perc_2015,

crop_perc_2015, urban_perc_2015

Describes snow occurrence, vegetation cover, agricultural

land, impervious surfaces, interception, evapotranspiration,

and runoff generation.

Water storage and regulation reservoir_cap Represents the influence of upstream reservoir storage and

flow regulation.

Long-term hydroclimatic context p_mean, pet_mean, p_seasonality, high_prec_freq,

low_prec_freq, high_prec_dur, low_prec_dur

Describes long-term water and energy availability,

precipitation seasonality, and the frequency and duration of

wet and dry conditions.

Table A3. Number of held-out flood magnitude events used for model evaluation. RF and LSTM were evaluated on the same held-out events

within each evaluation setting. All perturbation experiments used the same held-out events as the corresponding reference five folds, and

predictive skill metrics are calculated per fold and then averaged across the five folds per model fit.

Evaluation setting Fold 0 Fold 1 Fold 2 Fold 3 Fold 4 Total

Temporal - - - - - 7,147

Single-split spatiotemporal - - - - - 1,436

Five-fold BFI stratified 1,399 1,426 1,507 1,365 1,450 7,147

Five-fold BFI stratified perturbations 1,399 1,426 1,507 1,365 1,450 7,147

Table A4. The default RF dynamic and static predictors used in the temporal, single-split spatiotemporal, and five-fold evaluation settings.

These do not represent the perturbation experiment predictor sets for the RF, which are provided in Table A6.

Predictor type Variables Hydrological interpretation

Event-day forcing P , T , and PET on the flood magnitude day Event day forcing and hydroclimatic conditions.

Short antecedent precipitation 3- and 7-day accumulated precipitation Recent catchment wetness and short-term storm accumulation.

Medium antecedent precipitation 14- and 30-day accumulated precipitation Antecedent catchment wetness and hydrologic preconditioning.

Antecedent temperature 3-, 7-, 14-, and 30-day mean temperature Antecedent energy-related and seasonal conditions.

Antecedent PET 3-, 7-, 14-, and 30-day mean PET Antecedent evaporative demand and seasonal energy

availability.

Static catchment attributes 22 CAMELS-GB predictors Spatially varying catchment characteristics and long-term

hydroclimatic context.
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Table A5. Final RF and LSTM model configurations. RF hyperparameters were selected using the validation period then held fixed across

all experiments. LSTM hyperparameters were selected to match the default settings of NeuralHydrology. For the LSTM, validation period

metrics were used for final checkpoint selection.

Model Configuration item Value or description

RF Software scikit-learn 1.9.1, regression model.

RF Number of trees 1000.

RF Maximum tree depth None.

RF Minimum samples per leaf 5.

RF Maximum features 0.5 of the available predictors considered at each split.

RF Random seed 193893 for the main experiments, with additional matched seeds evaluated as

sensitivity analyses.

RF Hyperparameter-selection data validation events from 1 January 2010 to 31 December 2015.

RF Selection criterion Highest validation R2

LSTM Software and architecture NeuralHydrology version 1.12.0, standard cudalstm.

LSTM Hidden size 128.

LSTM Sequence length 30 days, including the target day.

LSTM Dynamic inputs Daily precipitation, PET, and mean air temperature.

LSTM Static inputs The 22 attributes listed in Table A2.

LSTM Target Daily specific discharge, discharge_spec.

LSTM Loss function Nash-Sutcliffe efficiency loss.

LSTM Optimizer Adam.

LSTM Learning-rate schedule 0.001 from epoch 1 and 0.0005 from epoch 20.

LSTM Batch size 256.

LSTM Training epochs 30 fixed epochs.

LSTM Output dropout 0.3.

LSTM Initial forget bias 3.

LSTM Gradient clipping Maximum gradient norm of 1.

LSTM Random seed 193893 for the main experiments, with additional matched seeds evaluated as

sensitivity analyses.

LSTM Model selection Weights saved after every epoch, and validation period metrics used for final

checkpoint selection.

LSTM Hyperparameter tuning Settings were fixed by design, with sequence-length and random-seed effects

evaluated separately as sensitivity analyses.

27

https://doi.org/10.5194/egusphere-2026-5890
Preprint. Discussion started: 19 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Table A6. RF predictor-set perturbations used to evaluate the sensitivity of feature importance to antecedent-window representation. All

models used identical static predictors, training and validation data, hyperparameter-selection procedures, and TreeSHAP attribution. Only

the dynamic predictor set was modified. All antecedent summaries were restricted to the same 30-day horizon used for the LSTM look-back

window.

Predictor set Dynamic predictors Hydrologic information Purpose

Default Event-day P , T , and PET; 3-, 7-, 14-, and 30-day

accumulated P ; 3-, 7-, 14-, and 30-day mean T and PET

Event forcing and short- to medium-

term antecedent wetness

Reference RF configuration used

throughout the primary analysis.

Short-window Event-day P , T , and PET; 1-, 3-, and 7-day accumulated P ;

1-, 3-, and 7-day mean T and PET

Near-event forcing and short-term

antecedent wetness

Evaluates whether feature

importance remains concentrated

near the event day after removing

longer antecedent windows.

Medium-window Event-day P , T , and PET; 7-, 14-, and 30-day accumulated

P ; 7-, 14-, and 30-day mean T and PET

Medium-term antecedent wetness

and catchment preconditioning

Evaluates whether feature

importance shifts toward longer

antecedent conditions when short

windows are excluded.

Nested-window Event-day P , T , and PET; 1-, 3-, 7-, 14-, and 30-day

accumulated P ; 1-, 3-, 7-, 14-, and 30-day mean T and PET

Nested antecedent-window

representation over 30 days

Evaluates whether correlated

overlapping windows redistribute

feature importance.

Non-overlapping-window Event-day P , T , and PET; accumulated P over days 1-3, 4-

7, 8-14, and 15-30 before the event; corresponding mean T

and PET

Independent antecedent periods

within the 30-day horizon

Evaluates whether feature

importance is assigned to

distinct antecedent periods when

overlapping windows are removed.

Precipitation-only Event-day P ; 3-, 7-, 14-, and 30-day accumulated P ; static

predictors retained

Precipitation forcing and spatial

catchment controls

Evaluates whether the primary

feature importance structure persists

without dynamic temperature and

PET inputs.

Reduced Event-day P , T , and PET; 7- and 30-day accumulated P ; 7-

and 30-day mean T and PET

Simplified event and antecedent

representation

Evaluates whether process-group

feature importance is preserved with

a reduced predictor set.

Table A7. Robustness and sensitivity analyses used to evaluate predictive performance and model-feature importance interpretation.

Analysis Perturbation or diagnostic What it tests

Spatial partitioning Five-fold evaluation setting Dependence of spatiotemporal skill and feature importance

on the held-out catchment partition.

Input ablation (RF and LSTM) Removal, in turn, of P , T , PET, or all static attributes

across all five folds

Predictive contribution of each information source and the

associated reliance redistribution.

Training-seed sensitivity (RF and LSTM) Four additional matched seeds per fold Stability of performance and feature importance to stochastic

variation in model fitting.

RF predictor-basis sensitivity Six alternative engineered antecedent-window predictor

sets

Stability of RF feature importance to feature-engineering

choices.

LSTM sequence-length sensitivity Look-back lengths of 14, 30, and 60 days Dependence of memory-timescale feature importance on the

input horizon.

Observational uncertainty High-flow discharge and precipitation uncertainty

considered in interpretation

Recognizes that model error and feature importance reflect

imperfect observations.
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Table A8. Pooled performance across held-out flood magnitude events. Values for the five-fold runs are the fold mean ± standard deviation,

n is the total number of held-out events, and “default” is the reference RF predictor basis, identical to the 5-fold evaluation setting.

Setting Model n R2 MAE RMSE PBIAS (%)

Temporal RF 7147 0.86 3.45 6.13 −6.2

LSTM 7147 0.68 5.92 9.25 −29.3

Spatiotemporal (single split) RF 1436 0.71 4.10 6.45 −12.1

LSTM 1436 0.47 6.12 8.72 −33.3

5-fold RF 7147 0.77± 0.02 4.51± 0.44 7.65± 1.57 −7.8± 2.1

LSTM 7147 0.56± 0.05 6.90± 0.76 10.69± 2.39 −31.7± 2.5

−precipitation RF 7147 0.64± 0.03 5.59± 0.51 9.55± 1.88 −7.2± 2.8

LSTM 7147 −0.84± 0.15 15.95± 1.25 21.54± 2.75 −84.1± 0.8

−temperature RF 7147 0.77± 0.02 4.54± 0.45 7.66± 1.54 −7.4± 2.2

LSTM 7147 0.54± 0.10 7.05± 1.14 10.93± 3.02 −32.5± 4.2

−PET RF 7147 0.77± 0.02 4.52± 0.46 7.65± 1.56 −7.9± 2.2

LSTM 7147 0.55± 0.06 6.95± 1.01 10.81± 2.68 −32.6± 3.8

−static attributes RF 7147 0.72± 0.03 5.46± 0.53 8.51± 1.76 −9.1± 1.8

LSTM 7147 0.35± 0.04 8.91± 1.07 12.96± 2.55 −44.1± 3.0

seed 42 RF 7147 0.77± 0.02 4.52± 0.45 7.67± 1.58 −7.7± 2.1

LSTM 7147 0.56± 0.06 7.04± 0.97 10.68± 2.43 −33.3± 3.6

seed 123 RF 7147 0.77± 0.02 4.52± 0.45 7.68± 1.59 −7.7± 2.2

LSTM 7147 0.55± 0.08 6.97± 0.95 10.86± 2.92 −33.0± 3.4

seed 2024 RF 7147 0.77± 0.02 4.52± 0.45 7.66± 1.58 −7.8± 2.2

LSTM 7147 0.54± 0.07 7.06± 0.89 10.92± 2.50 −33.1± 3.4

seed 8675309 RF 7147 0.77± 0.02 4.51± 0.44 7.67± 1.58 −7.7± 2.1

LSTM 7147 0.57± 0.07 6.74± 0.87 10.57± 2.72 −31.3± 3.0

default (RF basis) RF 7147 0.77± 0.02 4.51± 0.44 7.65± 1.57 −7.8± 2.1

short RF 7147 0.77± 0.02 4.57± 0.46 7.70± 1.56 −7.5± 2.1

medium RF 7147 0.76± 0.02 4.70± 0.46 7.92± 1.57 −7.1± 2.4

nested RF 7147 0.77± 0.02 4.52± 0.46 7.66± 1.57 −7.6± 2.1

non overlap RF 7147 0.76± 0.02 4.70± 0.41 7.91± 1.56 −6.9± 2.3

precip-only RF 7147 0.77± 0.02 4.59± 0.44 7.70± 1.46 −7.4± 2.1

reduced RF 7147 0.76± 0.02 4.69± 0.46 7.90± 1.57 −7.1± 2.4

L = 14 LSTM 7147 0.52± 0.06 7.37± 0.92 11.15± 2.41 −35.0± 3.0

L = 60 LSTM 7147 0.53± 0.06 7.04± 0.75 11.06± 2.52 −32.9± 1.2
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Table A9. Within-catchment performance on held-out flood magnitude events (catchments with ≥ 10 events). R2 and PBIAS are given as

median [interquartile range]. R2 < 0 is the percentage of catchments with negative R2. Temporal and five-fold evaluation settings retain 392

eligible catchments, while the single spatiotemporal split retains 77 catchments, after requiring at least ten held-out flood magnitude events

per catchment.

Setting Model R2 median [IQR] R2 < 0 (%) PBIAS median [IQR]

Temporal RF 0.30 [0.04, 0.49] 22 −5 [−12, 2]

LSTM −0.39 [−1.40, 0.14] 67 −29 [−36, −21]

Spatiotemporal RF 0.13 [−0.77, 0.39] 42 −10 [−20, 7]

LSTM −0.66 [−2.15, 0.05] 71 −32 [−42, −20]

5-fold RF 0.13 [−0.54, 0.39] 44 −7 [−18, 7]

LSTM −0.73 [−2.11, −0.06] 78 −30 [−41, −20]

−precipitation RF −0.30 [−0.94, −0.10] 93 −4 [−19, 11]

LSTM −7.82 [−11.98, −4.87] 100 −84 [−88, −80]

−temperature RF 0.10 [−0.55, 0.38] 45 −6 [−17, 7]

LSTM −0.94 [−2.19, −0.08] 79 −31 [−43, −20]

−PET RF 0.11 [−0.57, 0.39] 43 −7 [−18, 7]

LSTM −0.62 [−2.06, 0.04] 73 −30 [−42, −20]

−static attributes RF −0.23 [−1.59, 0.30] 61 −6 [−19, 16]

LSTM −1.82 [−4.04, −0.71] 91 −44 [−55, −29]
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Table A10. Within-catchment performance for the perturbation runs, all within the five-fold evaluation setting (catchments with ≥ 10 events).

R2 and PBIAS are median [IQR]. R2 < 0 is the percentage of catchments with negative R2. “default” is the reference RF predictor basis

(identical to the 5-fold setting in Table A9).

Run Model R2 median [IQR] R2 < 0 (%) PBIAS median [IQR]

Training seeds

seed 42 RF 0.11 [−0.54, 0.40] 45 −7 [−18, 7]

LSTM −0.79 [−2.31, −0.09] 80 −33 [−43, −22]

seed 123 RF 0.12 [−0.55, 0.39] 44 −7 [−18, 7]

LSTM −0.73 [−2.18, −0.04] 77 −31 [−43, −20]

seed 2024 RF 0.13 [−0.54, 0.39] 44 −7 [−18, 7]

LSTM −0.81 [−2.29, −0.05] 77 −32 [−42, −20]

seed 8675309 RF 0.12 [−0.54, 0.39] 43 −7 [−18, 7]

LSTM −0.69 [−2.09, −0.03] 76 −31 [−41, −19]

RF predictor bases

default RF 0.13 [−0.54, 0.39] 44 −7 [−18, 7]

short RF 0.05 [−0.60, 0.35] 48 −6 [−17, 8]

medium RF 0.01 [−0.60, 0.26] 50 −7 [−18, 7]

nested RF 0.13 [−0.55, 0.38] 43 −7 [−18, 7]

non overlap RF 0.02 [−0.63, 0.28] 49 −6 [−18, 8]

precip-only RF 0.04 [−0.57, 0.34] 47 −6 [−18, 6]

reduced RF 0.02 [−0.60, 0.26] 48 −7 [−17, 8]

LSTM sequence lengths

L = 14 LSTM −1.02 [−2.51, −0.15] 82 −35 [−45, −21]

L = 60 LSTM −0.73 [−2.03, −0.03] 76 −31 [−41, −19]
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Table A11. Paired comparison of within-catchment R2 between the RF and LSTM (Wilcoxon signed-rank test). “RF>LSTM” is the fraction

of paired catchments in which the RF has the higher R2. p is Holm-adjusted across the 11 comparisons. Catchments with fewer than ten

held-out events are excluded.

Setting n W RF>LSTM p

Temporal 392 5512 0.89 < 0.001

Spatiotemporal 77 323 0.87 < 0.001

5-fold 392 12924 0.81 < 0.001

−precipitation 392 2709 0.96 < 0.001

−temperature 392 11137 0.85 < 0.001

−PET 392 13512 0.82 < 0.001

−static attributes 392 19074 0.80 < 0.001

seed 42 392 12526 0.84 < 0.001

seed 123 392 13404 0.82 < 0.001

seed 2024 392 12640 0.82 < 0.001

seed 8675309 392 13640 0.79 < 0.001

Appendix B: Supplementary figures

Figure B1. Within-catchment retained flood magnitude events in the evaluation periods In the evaluation period for each model,

catchments with at least 10 events were retained for within-catchment predictive skill computations. This resulted in 392 catchments from

the 518. The climatology of these flood magnitude events, including counts, frequency, and seasonal distribution are displayed.
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Figure B2. Pooled performance across all 139 fitted model runs. Each marker is the pooled (inter-catchment) metric across five folds;

RF (left) and LSTM (right), with rows showing R2, RMSE, MAE, and PBIAS. Runs are ordered along the x-axis by experiment, the three

evaluation settings, the four five-fold ablations, four training seeds, and the RF predictor bases (RF) or sequence lengths L= 14,60 (LSTM).

Five-fold runs show the fold mean with error bars spanning ±1 standard deviation across folds. The temporal and single-split settings

are single model fits (diamonds). The gray band marks the 5-fold reference run (mean ± s.d.), and point color denotes experiment type.

Training-seed, predictor-basis, and sequence-length perturbations broadly fall within the reference band, whereas precipitation and static

attribute removal move metrics beyond it.
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Figure B3. Sensitivity of predictive performance and feature importance to training seed. Results are shown for the five-fold cross-

validated experiments for the reference seed and four additional training seeds. (a) Pooled R2 for the RF and LSTM, where points show

the mean across the five held-out folds and error bars show ±1 s.d. (b) LSTM predictor-level feature importance quantified using IG (mean

absolute attribution per held-out flood magnitude event). (c) RF predictor-level feature importance quantified using TreeSHAP (mean absolute

SHAP value per held-out flood magnitude event, mm d−1). Labels report the coefficient of variation (CV) across training seeds.

Figure B4. Sensitivity of RF predictive performance and feature importance to the representation of antecedent predictors. Results are

shown for the seven engineered predictor bases evaluated within the five-fold BFI-stratified framework. (a) Pooled R2; points show the mean

across the five held-out folds and error bars show ±1 s.d. (b) Predictor-level feature importance quantified using TreeSHAP (mean absolute

SHAP value per held-out flood-magnitude event, mm d−1). Missing points indicate predictors not included in a given predictor basis; labels

report the coefficient of variation (CV) across bases. (c) Absolute SHAP attribution aggregated by predictor group, showing precipitation

windows, long-term climate attributes, other static attributes, and temperature/PET windows. Labels report the CV across predictor bases.

34

https://doi.org/10.5194/egusphere-2026-5890
Preprint. Discussion started: 19 October 2026
c© Author(s) 2026. CC BY 4.0 License.



14 30
(ref.)

60

sequence length (days)

0.0

0.2

0.4

0.6

0.8

1.0

po
ol

ed
 R

2  
(f

ol
d 

m
ea

n 
±

 S
D

)

(a) Performance

14 30
(ref.)

60

sequence length (days)

100

Σ|
IG

 a
tt

ri
bu

ti
on

| p
er

 e
ve

nt

p_mean

silt_perc

porosity_hypres

sand_perc

urban_perc_2015

pet_hydrope

temperature_haduk

precipitation_haduk

(b) Predictor attribution

14 30
(ref.)

60

sequence length (days)

0.0

0.2

0.4

0.6

0.8

1.0

fr
ac

ti
on

 o
f a

tt
ri

bu
ti

on
 a

t 
la

gs
 0

–3

(c) Temporal concentration
Precipitation
Temperature
PET

Figure B5. Sensitivity of LSTM predictive performance and feature importance to input sequence length. Results are shown for

sequence lengths of 14, 30, and 60 days within the five-fold evaluation setting framework, with the 30-day model representing the reference

configuration. (a) Pooled R2; points show the mean across the five held-out folds and error bars show ±1 s.d. (b) Predictor-level feature

importance quantified using IG (mean absolute attribution per held-out flood magnitude event). (c) Temporal concentration of dynamic-

predictor attribution, expressed as the fraction of absolute IG attribution occurring at lags 0-3 days. Points show the mean across the five

held-out folds and error bars show ±1 s.d.
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Figure B6. Attribute screen relating within-catchment performance to static catchment attributes under BFI-stratified five-fold

evaluation setting. Rows show the eight attributes with the strongest absolute Spearman correlation with catchment R2 or PBIAS. Columns

show R2, PBIAS, RMSE, and MAE. Each point represents one catchment, where blue denotes the RF and red the LSTM, with Spearman

correlations annotated in each panel. Catchments with fewer than ten held-out flood magnitude events are excluded, giving 392 catchments

for each model type. R2 and PBIAS are clipped for display. Correlations of RMSE and MAE with attributes such as mean precipitation

and catchment steepness largely reflect the scaling of absolute errors with flood magnitude and were therefore not used for ranking. PBIAS

correlations with BFI for the reference models (ρ=+0.36 for the RF and ρ=+0.21 for the LSTM) are identical to the reference values in

Fig. 6b because they represent the same quantity. This screen motivated the targeted analysis in Sect. 3.4.
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Appendix C: Methods and calculations

C1 Performance metrics

Here, the performance metric calculations are detailed. In terms of notation, let yi denote observed flood magnitude, ŷi625

predicted flood magnitude, ȳ the mean observed flood magnitude over the evaluation subset, and n the number of held-out

flood magnitude events. Higher R2 indicates greater explained variance, lower MAE and RMSE indicate lower error, and

PBIAS indicates mean signed bias, with negative values corresponding to underestimation.

The coefficient of determination (R2), MAE, and RMSE, were calculated following Chicco et al. (2021):

R2 as,630

R2 = 1−
∑n

i=1 (yi − ŷi)
2

∑n
i=1 (yi − ȳ)

2 , (C1)

MAE as,

MAE=
1

n

n∑

i=1

|yi − ŷi| , (C2)

and RMSE as,

RMSE =

√√√√ 1

n

n∑

i=1

(yi − ŷi)
2
, (C3)635

Percent bias (PBIAS) was calculated following Towler et al. (2023) as,

PBIAS = 100×
∑n

i=1 (ŷi − yi)∑n
i=1 yi

. (C4)

C2 Feature attribution

Feature attributions were computed at three different levels. (1) local attribution, (2) predictor level attribution magnitude, and

(3) process group attribution share. For the LSTM, the temporal structure of the dynamic attributions was also retained to640

examine antecedent lag contribution decomposition over the sequence length (0-29 days). Unless otherwise stated, absolute

attribution magnitudes were not normalized across predictors, and normalization was specifically applied for the process-group

share analysis.
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C2.1 RF TreeSHAP local, predictor-level, and process-group comparison

SHapley Additive exPlanations (SHAP) provide local feature attribution values for individual model predictions (Lundberg645

and Lee, 2017). For the RF model, SHAP values were computed using TreeSHAP. This is designed for tree-based algorithms

to enable efficient computation of SHAP values (Lundberg et al., 2020).

For the RF, TreeSHAP was used to obtain a local signed attribution ϕij for predictor j and held-out flood-magnitude event

i. For a prediction f(xi), the SHAP decomposition is:

f(xi) = ϕ0 +

p∑

j=1

ϕij , (C5)650

where ϕ0 is the expected model prediction, ϕij is the signed attribution assigned to predictor j for event i, and p is the

number of RF predictors provided to the model.

To summarize local attributions at the predictor level, local SHAP values were converted to absolute attribution magnitudes

and averaged across the n held-out flood-magnitude events:

IRF
j =

1

n

n∑

i=1

|ϕij | , (C6)655

Thus, IRF
j represents the mean absolute SHAP attribution assigned to predictor j. These predictor-level attribution magnitudes

were used for the RF predictor-importance analysis and were not normalized to sum to one across predictors.

For the process-group comparison, absolute SHAP attributions were additionally aggregated according to the three groups.

Then, the group totals were normalized by their combined attribution magnitude so that the resulting process-group shares

summed to one.660

C2.2 LSTM IG

For the LSTM, IG were used to quantify feature attribution, a method introduced by Sundararajan et al. (2017) and previously

applied to hydrological LSTMs by Kratzert et al. (2019a). IG is a gradient-based attribution method that integrates the model

gradient along a linear path from a specified reference baseline and the observed input (Sundararajan et al., 2017). Thus, this

method provides model sensitivity along the path.665

The LSTM receives both dynamic inputs that vary over the input sequence, and static catchment attributes. For each flood

magnitude i, dynamic predictor j, and sequence lag ℓ, IG was calculated following Sundararajan et al. (2017) as:

IGijℓ =
(
xijℓ −x′

ijℓ

) 1∫

0

∂ŷi(x
′ +α(x−x′))
∂xijℓ

dα, (C7)

where x′ is the reference baseline, and ŷi is the corresponding LSTM prediction. Lag ℓ= 0 denotes the flood magnitude

event, with increasing values of ℓ representing the progression of antecedent days.670
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The same IG formulation was applied to the static inputs. Here, static predictor is denoted q for event i by xiq:

IGiq =
(
xiq −x′

iq

) 1∫

0

∂ŷi (x
′ +α(x−x′))
∂xiq

dα. (C8)

For both dynamic and static predictors, the reference baseline x′ was defined as an all-zero input in normalized feature

space. Because the predictors were standardized using the training data, zero thus corresponds to the training-period mean

of each predictor. The path integral was approximated using a 32-step right-endpoint Riemann sum, following the numerical675

formulation of Sundararajan et al. (2017). IG satisfies the completeness property described by Sundararajan et al. (2017),

whereby the signed attributions over all input dimensions sum to the difference between the model output at the observed input

and at the reference baseline, up to numerical integration error.

In this study, the complete input comprises both the dynamic predictor-lag combinations and the static catchment predictors:

∑

j

L−1∑

ℓ=0

IGijℓ +
∑

q

IGiq ≈ ŷi(x)− ŷi(x
′), (C9)680

where the approximation reflects numerical integration of the IG path integral.

C2.3 LSTM predictor-level attribution

For the predictor-level analysis, the signed local IG values were converted to absolute attribution magnitudes. Dynamic and

static predictors were aggregated differently because each dynamic predictor is represented at multiple sequence positions,

whereas each static predictor is represented by a single input dimension. For each dynamic predictor, an event-level absolute685

attribution magnitude was calculated by summing across the complete input sequence:

Adyn
ij =

L−1∑

ℓ=0

|IGijℓ| , (C10)

where L is the sequence length. Predictor-level attribution magnitude was then calculated by averaging across the n held-out

flood-magnitude events:

ILSTM,dyn
j =

1

n

n∑

i=1

Adyn
ij =

1

n

n∑

i=1

L−1∑

ℓ=0

|IGijℓ| . (C11)690

Absolute attributions were summed rather than averaged across sequence positions so that the attribution magnitude assigned

to a dynamic predictor represented its attribution across the complete input sequence. Averaging over lags would scale each

dynamic predictor by the number of sequence positions, whereas static predictors are represented by a single input dimension.

For static predictor q, predictor-level attribution magnitude was calculated directly across events:
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ILSTM,stat
q =

1

n

n∑

i=1

|IGiq| . (C12)695

These predictor-level attribution magnitudes were used for the LSTM predictor-level barplots. For the five-fold evaluation

setting experiments, attribution magnitudes were calculated separately within each held-out fold and then averaged across the

five folds.

C2.4 LSTM temporal attribution

The antecedent lag profile analysis used the same absolute IG values but retained the lag dimension rather than summing across700

the sequence. For dynamic predictor j, mean absolute attribution at lag ℓ was calculated as:

Aj(ℓ) =
1

n

n∑

i=1

|IGijℓ| . (C13)

The resulting lag profiles therefore represent mean absolute IG attribution magnitude at each sequence position, with ℓ= 0

corresponding to the flood magnitude event. These lag-specific attribution magnitudes were not normalized across predictors

or across lags. Again, for the five-fold evaluation setting experiments, lag-specific attribution magnitudes and derived temporal705

summaries were calculated separately within each held-out fold and subsequently averaged across the five folds.

C2.5 LSTM process-group attribution shares

Normalization was applied specifically for the process-group comparison. For the LSTM, event-day forcing comprised the

absolute attribution of precipitation, temperature, and PET at lag ℓ= 0. Antecedent meteorology comprised the absolute

attribution of these dynamic predictors over lags ℓ= 1, . . . ,L− 1, and static catchment information comprised the absolute710

attributions of the 22 static catchment predictors.

For model m, process group g, and evaluation setting s, let Im,s
g denote the total absolute attribution magnitude assigned to

that information group.

The normalized process-group attribution share was then calculated as

Rm,s
g =

Im,s
g∑
h I

m,s
h

, (C14)715

such that
∑

gR
m,s
g = 1.

Code availability. The code used to produce the analyses and figures in this study is available at https://github.com/emma-

michelle.

Data availability. All datasets used in this study are publicly available through the CAMELS-GB version 2 data release

described by Coxon et al. (2026).720
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