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Abstract. Fluvial floods pose severe socioeconomic and environmental risks and are projected to change in frequency and
severity in future decades. Estimating the magnitude of extreme floods remains challenging, particularly for sparse tail events.
This motivates the need to identify predictors across catchments and time. Synoptic-scale weather patterns (WPs) are often
more temporally persistent and predictable than local meteorological variables, such as precipitation. However, the value
of weather patterns as predictors for flood magnitude estimation is not well established. This study introduces a feature
incorporation machine learning framework to quantify the relative contribution of synoptic, meteorological, and catchment
controls on winter peak-over-threshold (POT) flood magnitudes (>99th percentile) in near-natural catchments across the
United Kingdom (UK) benchmark network. We train Random Forest regression models for a pooled national sample and for
multiple hydro-climatic regional samples. Model interpretability was examined using Shapley Additive Explanations (SHAP).
Additionally, we analyze the conditional probabilities of the WPs co-occurring with flood magnitudes. Our results show that
WPs associated with cyclonic low-pressure systems frequently coincide with flood magnitudes but add minimal value to their
estimation. Model skill is dominated by static catchment attributes such as aridity and event-day precipitation in the UK model,
with regional model variability in feature importance reflecting hydro-climatic contrasts. Our findings highlight the variability
in model outcomes depending on the model structure and the choice of features. This study also offers methodological guidance
for developing large-sample machine learning models for flood estimation that integrate atmospheric predictors with traditional

hydro-meteorological and geographical variables across a feature incorporation framework.

1 Introduction

Fluvial floods are generated by complex interactions between atmospheric, hydrological, and land-surface processes occurring
across various temporal and spatial scales (Berghuijs et al., 2019; Tarasova et al., 2023; Bertola et al., 2020; Nied et al., 2014).
The predictability of these events varies significantly due to the interplay of local and large-scale drivers, and the rarity of
extreme events in observational records further complicates predictive modeling (Bloschl et al., 2019; Berghuijs et al., 2019;

Brunner and Slater, 2022). At the catchment scale, data on extreme flood events are even more limited, increasing uncertainty
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in both the physical understanding of ood generation mechanisms and the development of robust prediction frameworks
(Yuan and Lozano-Duréan, 2024; Sillmann et al., 2017; Tabari, 2021). Flood generation is also in uenced by a combination of
variables operating at different timescales. The complex mechanisms responsible for ood generation are often simpli ed and
categorized into short-duration intense rainfall, saturated soil conditions, long-duration lower intensity rainfall, snowmelt, and
rain on snow (Liu et al., 2022; Bl6schl et al., 2019; Berghuijs et al., 2019; Merz and Bldschl, 2003).

While the main drivers of ood occurrence have been well studied, disentangling the relative importance of predictors across
different timescales is challenging (Scussolini et al., 2024; Massari et al., 2023; Bardossy and Filiz, 2005). This remains dif cult
due to the complexity and nonlinearity of ood systems and the limited availability of observed extreme event data. Emerging
tools such as machine learning (ML) and explainable Al (XAl) offer signi cant potential for exploring driver contributions.
They have been successfully applied in hydrological studies to analyze large datasets and provide insights into the importance
of ood drivers (Ley et al., 2024; Slater et al., 2025, 2024; Jiang et al., 2022; Coxon et al., 2024; Hamel and Brunner, 2024).

Atmospheric circulation patterns are a valuable tool for exploring the relationship between oods and atmospheric conditions
over alarge area, such as the UK and Europe (Lavers et al., 2012, 2020; Schlef et al., 2019; Bardossy and Filiz, 2005; Ducksteir
etal., 1993; Wilby, 1993; Brunner and Dougherty, 2022). Weather patterns (WPSs) are static categories of atmospheric conditions
de ned over speci ¢ spatial and temporal scales, typically derived from meteorological variables such as mean sea level
pressure (Neal et al., 2016; Lamb, 1972; Beck and Philipp, 2010). They can be distinguished from weather regimes (or types)
based on their spatio-temporal scale. For example, a cyclonic low-pressure system in uencing a regional area is often de ned
as a WP, whereas the North Atlantic Oscillation (NAO), which operates over a much larger spatio-temporal scale, represents a
weather regime (Fabiano et al., 2021; Neal et al., 2016).

The MO-30 weather categorization scheme produced by Neal et al. (2016) categorizes daily synoptic-scale circulation
over the United Kingdom (UK) and Europe into thirty discrete weather types. MO-30 has been widely used in previous
UK focused research to identify the atmospheric circulation patterns in uencing precipitation, drought, and coastal ooding
(Richardson et al., 2018, 2020; Perks et al., 2023; Neal et al., 2018), to understand the atmospheric in uence on temperature-
related mortality (Huang et al., 2020), and to assess projected changes in WP frequency under future climate change scenario
(Pope et al., 2021; Huang et al., 2020). These WPs also underpin operational decision-support forecasting tools developec
by the UK Met Of ce and the Flood Forecasting Centre, such as the 'Decider' framework. For example, 'Coastal Decider'
as described in Neal et al. (2018) and 'Fluvial Decider' as described in Richardson et al. (2020) link MO-30 WPs to regional
extreme precipitation and coastal surge risk to highlight potential ood events at medium- to long-range lead times (Richardson
et al., 2020; Neal et al., 2018; Perks et al., 2023). While the tool provides valuable insights and guidance for early warning
and preparedness, relationships that directly link the WPs with catchment stream ow time-series or ood event characteristics
have not been explored. Therefore, their utility in uvial ood magnitude estimation remains unknown and presents a clear gap
regarding the predictive value of MO-30 WPs for uvial ood estimation.

Several studies have examined the relationships between atmospheric circulation, stream ow, and ooding across Europe
and the United States, showing promising results (Brunner and Dougherty, 2022; Schlef et al., 2019; Duckstein et al., 1993;
Wilby, 1993). Despite their promise, large-sample hydrological UK ML models have generally not incorporated synoptic-
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scale WPs as predictive features alongside land-surface and hydrometeorological variables, even though these features al
closely interlinked (Brunner and Dougherty, 2022; Schlef et al., 2019; Prudhomme and Genevier, 2011; Duckstein et al.,
1993). Previous studies have not evaluated the use of the MO-30 WPs as predictors for ood magnitude estimation within a
large-sample, data-driven machine learning hydrological framework. Furthermore, to date research in this eld has not adopted
a modeling approach that incrementally adds features across a successive feature set framework, including the MO-30 WPs
to evaluate and quantify their relative contributions to ood estimation. This approach can provide model transparency in how

models use features to make ood predictions, and provide insights into the possible physical mechanisms, feature interactions

65and relative importance of ood drivers.

Recent years have seen rapid developments in ML techniques that can handle non-linear interactions, large datasets, an
high variability in predictors (Fleming et al., 2021; Nevo et al., 2022; Slater et al., 2024). Long Short-Term Memory (LSTM)
networks have been extensively explored for predicting stream ow time-series and have proved very successful (Lees et al.,
2021, 2022; Kratzert et al., 2018, 2022; Frame et al., 2022). These methods typically focus on time-series predictions and
produce outputs at the daily time-step. In contrast, our approach focuses on estimating the magnitude of extreme stream ow
events above the 99th percentile threshold exceedances at each site using large-sample data rather than by modeling continuo
time-series data. Random Forest (RF) models have proven effective for understanding the drivers of hydrological events due
to their ability to model complex, non-linear relationships and handle multiple data types while avoiding over tting (Hamel
and Brunner, 2024; Slater et al., 2024; Jiang et al., 2022; Xu et al., 2024). RF models are an ensemble method that construct
multiple decision trees, aggregating predictions across these trees to provide robust outputs (Breiman, 2001; Cutler et al., 2012
Fawagreh et al., 2014). Prior work has employed RF and Explainable Arti cial Intelligence (XAl) tools to highlight feature
importance in hydrological studies (Slater et al., 2025; Jiang et al., 2022; Xu et al., 2024). These data-driven approaches can
reveal the potential drivers of extreme events and quantify their contributions to predictions (Xu et al., 2024; Mushtaq et al.,
2024; Hamel and Brunner, 2024; Coxon et al., 2024; Slater et al., 2024).

Current ood estimation research often ignores the interaction between weather patterns and hydrological variables in
predicting ood magnitudes. Testing the integration of synoptic-scale features alongside meteorological and hydrological
variables in a predictive framework is important, as novel and creative ways to enhance extreme ood prediction are needed.
This study lIs this research gap by investigating the contribution of synoptic-scale WPs, meteorological factors, and physical
catchment features as drivers of winter extreme ood magnitudes in UK natural catchments, using large-sample ML RF models.
In this work, we: [1] Assess the conditional probabilities of MO-30 WPs on uvial ood days and the distributions of ood
magnitudes associated with the MO-30 WPs. [2] Develop an interpretable feature incorporation framework with seven different
feature sets in a large-sample ML framework to assess the in uence of spatial identi ers, atmospheric circulation (WPSs),
catchment characteristics, and meteorological variables on ood magnitude estimation in UK natural catchments. [3] Evaluate
the model performance and feature importance results for national and regional data samples.

To achieve these objectives, we trained structured RF models across nine spatial samples (the UK national model and eigh
prede ned hydro-climatic regional models) for each of the seven feature sets, resulting in 63 model con gurations in total.

Each feature set represents a successive stage in the feature-incorporation framework. The national and regional models enak
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comparison between large-sample learning at the UK scale and more localized learning within homogeneous hydro-climatic
regions. This study advances large-sample ood estimation research by integrating both atmospheric WPs and hydrological
drivers and by providing physically interpretable insights from XAl analyses for extreme ood magnitudes ( 99th percentile).

2 Data and methods
2.1 Data sources

Daily stream ow (nm/s) data between 1969 and 2021 were obtained for UK Benchmark Catchments from the National River
Flow Archive (NRFA), as described in Harrigan et al. (2018). The corresponding catchment-averaged precipitation, potential
evapotranspiration, and temperature variables were obtained from CAMELS-GB (Coxon et al., 2025), derived from the Met
Of ce HadUK-Grid Climate Observations from Hollis et al. (2019). A selection of static catchment attributes for each of the
catchments were obtained from Coxon et al. (2020). The full list of extracted variables and calculated antecedent precipitation
totals, used to capture the in uence of precipitation during previous days, is presented in Appendix Table A2.

The temporal span was chosen to maximize the availability of stream ow data for natural benchmark catchments. Benchmark
catchments are minimally in uenced by anthropogenic in uences (Harrigan et al., 2018) and were chosen to explore the
in uence of the WPs as predictors, minimizing the in uence of noise from anthropogenic activity. From the full set of
benchmark catchments, we selected those for analysis which had at least 95% of data for each water year (October 1st
September 30th), and at least 30 complete years of data. For each unique catchment, the normalization of stre#sh) ow (m
to speci ¢ discharge (mm/day) accounted for catchment size variability in the large-sample model and enhanced model

110 generalizability.
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Figure 1. Weather Pattern (WP) classi cations from the MO-30 dataset. From Neal et al. (2016)

These selection criteria resulted in 134 suitable catchments. For the UK-wide analysis, all selected catchments were poolec
together. For regional analysis, the catchments were grouped into their corresponding Met Of ce Hadley Centre Observations
Dataset (HadUKP) climate regions using shape les (Merz et al., 2016). Region hames and corresponding abbreviations (e.g.,
Northern Scotland = NS, Southern Scotland = SS, Central and Eastern England = CEE) are de ned in Appendix Table A3.
Daily WP classi cations were obtained from the Met Of ce MO-30 dataset (Neal et al., 2016), for the same time period as the
catchment stream ow data (1969-2021). These WPs were created using an annealed k-means clustering method of mean se
level pressure (MSLP) from the European Mean sea level Pressure dataset (EMSLP) (1850-2003) (Neal et al., 2016; Ansell
et al., 2006). Lower-numbered WPs are associated with weaker MSLP anomalies, are historically more frequent, and occur
more often in summer. Higher-numbered WPs are associated with stronger MSLP anomalies, are historically less frequent, anc
occur more often in winter (Neal et al., 2016). The WPs are displayed in Fig. 1, and the corresponding descriptions from Neal

et al. (2016) are presented in Appendix Table A1l.
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2.2 ldentifying ood magnitudes and dataset creation

Our analyses focus on winter oods. The winter months of December, January, and February (DJF) were chosen for analysis
because most of the largest ood events in the UK occur during this season (Ledingham et al., 2019). Extreme ood events
above the 99th percentile were identi ed for each catchment between 1969 and 2021 using the Peak Over Threshold (POT)
method (Rosso, 2015; Rodding Kjeldsen and Prosdocimi, 2023). The 99th percentile threshold was used to capture the mos
severe events while maintaining an adequate sample size. A 7-day independence window was applied, following Brunner and
Dougherty (2022). The target variable for modeling was the ood magnitude, de ned as the largest speci c-discharge value
(mm/day) for each independent event. The resulting sample sizes and regional breakdown of catchments and independent ooc
138vents are summarized in Appendix Table A3.

Our analysis focuses on the day with the highest ood peak, de ned in this study as the event-day. While this approach does
not capture the full hydrograph duration, it intentionally isolates the peak magnitude of independent events. The POT method
is widely recognized for its ability to capture multiple extreme events within a single year, providing a more comprehensive
analysis of ood extremes compared to the Annual Maxima (AM) method (Mailhot et al., 2013; Pan et al., 2022).

For the identi ed ood magnitude event days, feature sets 1-6 were compiled from the datasets described above for the UK
and regional samples. Feature sets include a combination of: [1] spatial identi ers (latitude and longitude), used as baseline
spatial features and to provide location context for the WP classi cation; [2] the UK Met Of ce MO-30 WP category on the
event day; [3] the antecedent WPs (AWPs) from one to three days prior, representing synoptic scale atmospheric conditions
and pre-event circulation; [4] catchment characteristics including aridity index, area, base ow index, stream ow elasticity,
maximum elevation, and runoff ratio; [5] meteorological variables such as event-day precipitation, mean/minimum/maximum
temperature, and potential evapotranspiration; and [6] antecedent cumulative precipitation for 1-3 days prior to the event,
capturing short-term catchment wetness. The 3-day antecedent window was selected based on the typical response time ¢
small, near-natural UK catchments. Overall, eight regional ood magnitude datasets in addition to the UK national dataset were
produced for subsequent modeling. A summary for each region, including the number of catchments, total ood magnitude
events, and mean events per catchment is presented in Appendix Table A3.

To address multicollinearity and improve the interpretability of the nal feature set, a post hoc feature pruning step was
applied to feature set 6 to identify the nal feature set 7. Variance In ation Factor (VIF) analysis, as described in O'Brien
(2007), was used to quantify collinearity among predictors. Predictors with V IF > 10 were iteratively removed, prioritizing
the retention of physically interpretable variables. The nal seventh pruned feature set represents the outcome of a targeted
feature selection procedure applied separately to each sample (UK and regional). While feature sets 1-6 are the same across ¢
models to allow direct comparison of process groups, feature set 7 is speci ¢ to each data sample. Consequently, the retainec
features differ slightly by region. Fig. B1 in Appendix A displays the retained and dropped predictors for the UK and the 7
regional feature set models. Table 1 gives an overview of each additional feature set model, using the data sources described i

Table A2, with abbreviations for model results in Fig. 4.
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Table 1. Summary of the feature sets used in successive RF models. Features are added cumulatively; e.g., Set 2 includes all features fron
Set 1 and 2.

Set  Features Added (abbrev.) Physical Processes Represented
1 Latitude, Longitude (Lat, Lon) Spatial variability linked to geographic and climatic gradients.
2 Weather Pattern (WP) category on event day (WP_t; 1-3@noptic-scale atmospheric circulation on the ood day.

MO-30 types)

3 Antecedent Weather Pattern (AWP) categories (WP_t-Synoptic meteorological conditions on days preceding the event.
WP_t-2, WP_t-3; 1-30 MO types)

4 Static catchment characteristics (CC): Area, Max. ElevatioBatchment form, storage, and long-term hydro-climatic controls.
Avridity Index, Runoff Ratio, Stream ow Elasticity, Base ow
Index

5 Event-day hydro-meteorological variables (HM)Local meteorological forcing on the ood magnitude day.

Precipitation, Mean/Maximum/Minimum  Temperature,
Potential Evapotranspiration

6 Antecedent hydro-meteorological variables (AHM): ToteBhort-term wetness and memory effects preceding ood events.
Precipitation 1-3 days before

7 Pruned feature set (non-collinear, physically interpretatfReduced-complexity model capturing dominant, physically consistent
predictors from Set 6) drivers.

2.3 Conditional probabilities

Prior to selecting the WPs as a feature set for the RF models, we examined which WPs frequently occurred with extreme ood
event days by computing the conditional probability of each WP given that a ood occurred on the day, denoted as 'P(WP |
ood)'. This analysis was performed for (1) the UK sample dataset and (2) the regional sample datasets. To account for the
cumulative in uence of synoptic-scale conditions leading to oods, we extended the analysis beyond the day of the event to

1daclude AWP categories (up to three days prior).
2.3.1 Distribution of ood magnitudes

We further explored the distribution of ood magnitudes associated with each WP, and present this for the WPs most often
associated with ood magnitude days. Flood magnitude (mm/day) has already been normalized. However, since larger catchmet
might represent smaller ood magnitudes compared to smaller catchments, given their larger drainage areas, we present
the ood magnitudes associated with each WP strati ed by catchment size. To do so, the catchment sizes were categorized
into lower, middle, and upper terciles (3.12—-66.822kr66.82—-194.81 ki) and 194.81-1505.54 Kmrespectively), each
containing approximately one-third of the data.

2.4 Machine learning model structure

Next, we developed seven RF regression models, each incorporating a new feature set, as described in Table 1, to gain insight
into the roles of different features as predictors of extreme ood magnitudes (mrh Jdgr the UK and regional samples
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(see Table A3). The seven models were run both as a UK-wide model with all catchments pooled and for prede ned regional
samples (where each region has catchments within corresponding regions). This enhances interpretability by aligning the mode
structure with established hydro-climatic regions and enables insights into the performance and feature importance of regional
and UK samples. That is, each new feature set incrementally incorporates new features, as shown in Table 1, while the mode
architecture remains the same. The RF was implemented using the Scikit-learn Python package by Pedregosa et al. (2011
Model performance metrics and Shapley Additive Explanations (SHAP) were calculated based on the test set results. One-
hot encoding (1 = TRUE, 0 = FALSE) was applied to the WP and AWP categories to create binary features for the model. A
temporal train-test split was applied to all UK and regional models, with events between 1969 and 2010 (80%) used for training,
and events from 2011 to 2021 (20%) used for testing. This split ensured that later events were unseen during model tting and
hyper-parameter optimization. This temporal validation method has been used in other recent hydrological studies (e.g., Jiang
et al., 2022), respects the temporal sequence of the data, and enables evaluation only on unseen years. Model hyper-paramete
were optimized within the training period, using RandomizedSearchCV to balance model complexity and performance. The
nal con guration selected was: n_estimators = 1000, min_samples split = 10, min_samples leaf =

2, max_depth = None, and bootstrap = True. A sensitivity analysis used to test alternative tree numbers and split
parameters was conducted. This also re ects a realistic forecasting scenario where future events are predicted based on pa
conditions (Botache et al., 2023). A three-way split (training: 1969-2000, validation: 2001-2010, test: 2011-2021) was also
evaluated but produced very similar model skill. To maximize the available data for learning hydrological relationships, the
two-period split was retained, providing an effective balance between robustness and data ef ciency.

2.5 Uncertainty quanti cation

To quantify predictive uncertainty in the RF models, ensemble-based uncertainty metrics were derived from the nal feature set
7 models. For each test-set sample, predictions were obtained from all individual trees within the ensemble. Two complementary
metrics were employed. First, the ensemble spread of tree predictions standard deviations (Pred_SD), representing the absolu
spread of predictions and thus the model's absolute predictive uncertainty in mim.&scond, the coef cient of variation

(CV), expressing the relative uncertainty. The results are presented in Fig. B2 in Appendix C.
2.6 Test set evaluation metrics

Overall model performance was evaluated using the coef cient of determinafi@n& Percentage Bias (PBIAS), calculated

once per model from all test set predictions of ood magnitudes. The ovefaleRresents the total proportion of variance in
observed ood magnitudes explained by the model at the national or regional scale. For each rhede, Rt calculated for

the overall model and then at the catchment level. For the nal 7 sets of models, comparisons were performed by re-evaluating
the UK model on the exact subset of catchments used in each regional model, using identical test periods. Catchment level R
values were computed separately for each catchment and then aggregated (median and mean) across catchments within ea
region. Only catchments with at least ten events were included. This approach provides consistent comparisons across spatic



scales and captures both temporal variation within catchments (intra-catchment variability) and variation between catchments
(inter-catchment variability). The equations fof Bnd PBIAS are provided in Appendix C.

2052.6.1 Signi cance of R? change across model generations
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To evaluate the incremental effect of feature set additions on model performance, paired permutation randomized signi cance
tests were conducted for the?Results. This method assesses whether changes iar® statistically signi cant between
successive model feature incorporation sets or when compared to the baseline model (feature set 1), which contains latitude an
longitude. Flood event predictability inherently varies due to hydro-meteorological conditions and the physical characteristics
of catchments (Brunner et al., 2021; Hakim et al., 2024), which can introduce day-to-day and catchment-to-catchment variability
in model performance. This analysis was applied to each region and the UK samples for all models. By pairing predictions for
the same ood events, we control for variability in event predictability, enabling robust comparisons across successive feature
sets. Importantly, this approach does not assume normality, making it suitable for datasets with limited or heterogeneous

samples. See the full equations in Appendix C.
2.7 Model interpretability with SHAP (SHapley additive exPlanations)

SHAP values quantify each feature's contribution to individual predictions, providing insights into local and global in uences

on the target variable (Lamane et al., 2024). By applying SHAP analysis to the test sets for the 7 sets of models, model
interpretability is assessed on unseen data. This approach allows for the evaluation of generalization performance and featur
in uence during the independent testing period. SHAP, derived from cooperative game theory, is a powerful explainable Al
tool used to interpret the outputs of machine learning models (Lundberg and Lee, 2017). For each prediction in the test set,
SHAP values represent the extent to which a feature contributes to deviations from the mean prediction (Wang et al., 2016;
Xu et al., 2024). Compared to feature importance derived from Gini impurity, SHAP is more robust as it provides insights into
both the direction and magnitude of the relationship between predictors and the target variable and enables analysis of local
and global effects (Lundberg et al., 2020; Lundberg and Lee, 2017). See equations for SHAP calculation in Appendix C.

225 3 Results






