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Abstract. Fluvial floods pose severe socioeconomic and en-
vironmental 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 in-
troduces a feature incorporation machine learning framework
to quantify the relative contribution of synoptic, meteorolog-
ical, 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 re-
gional samples. Model interpretability was examined using
Shapley Additive Explanations (SHAP). Additionally, we an-
alyze 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 variabil-
ity in model outcomes depending on the model structure and
the choice of features. This study also offers methodologi-

cal guidance for developing large-sample machine learning
models for flood estimation that integrate atmospheric pre-
dictors with traditional hydro-meteorological and geograph-
ical variables across a feature incorporation framework.

1 Introduction

Fluvial floods are generated by complex interactions between
atmospheric, hydrological, and land-surface processes occur-
ring 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 signif-
icantly due to the interplay of local and large-scale drivers,
and the rarity of extreme events in observational records fur-
ther 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 in both the physical under-
standing of flood generation mechanisms and the develop-
ment of robust prediction frameworks (Yuan and Lozano-
Durén, 2024; Sillmann et al., 2017; Tabari, 2021). Flood gen-
eration is also influenced by a combination of variables op-
erating at different timescales. The complex mechanisms re-
sponsible for flood generation are often simplified and cat-
egorized into short-duration intense rainfall, saturated soil
conditions, long-duration lower intensity rainfall, snowmelt,
and rain on snow (Liu et al., 2022; Bloschl et al., 2019;
Berghuijs et al., 2019; Merz and Bloschl, 2003).
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While the main drivers of flood 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 difficult due to the complexity and nonlinearity of
flood systems and the limited availability of observed ex-
treme event data. Emerging tools such as machine learn-
ing (ML) and explainable artificial intelligence (XAI) offer
significant potential for exploring driver contributions. They
have been successfully applied in hydrological studies to an-
alyze large datasets and provide insights into the importance
of flood drivers (Ley et al., 2024; Slater et al., 2025, 2024;
Jiang et al., 2022; Coxon et al., 2024; van Hamel and Brun-
ner, 2024).

Atmospheric circulation patterns are a valuable tool for
exploring the relationship between floods and atmospheric
conditions over a large area, such as the UK and Europe
(Lavers et al., 2012, 2020; Schlef et al., 2019; Bardossy and
Filiz, 2005; Duckstein et al., 1993; Wilby, 1993; Brunner and
Dougherty, 2022). Weather patterns (WPs) are static cate-
gories of atmospheric conditions defined over specific spa-
tial and temporal scales, typically derived from meteorolog-
ical 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 influencing a regional area is often defined as a WP,
whereas the North Atlantic Oscillation (NAO), which oper-
ates 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 circula-
tion over the United Kingdom (UK) and Europe into thirty
discrete weather types. MO-30 has been widely used in pre-
vious UK focused research to identify the atmospheric circu-
lation patterns influencing precipitation, drought, and coastal
flooding (Richardson et al., 2018, 2020; Perks et al., 2023;
Neal et al., 2018), to understand the atmospheric influence
on temperature-related mortality (Huang et al., 2020), and to
assess projected changes in WP frequency under future cli-
mate change scenarios (Pope et al., 2021; Huang et al., 2020).
These WPs also underpin operational decision-support fore-
casting tools developed by the UK Met Office 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 flood events at
medium- to long-range lead times (Richardson et al., 2020;
Neal et al., 2018; Perks et al., 2023). While the tool pro-
vides valuable insights and guidance for early warning and
preparedness, relationships that directly link the WPs with
catchment streamflow time-series or flood event characteris-
tics have not been explored. Therefore, their utility in fluvial
flood magnitude estimation remains unknown and presents a
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clear gap regarding the predictive value of MO-30 WPs for
fluvial flood estimation.

Several studies have examined the relationships between
atmospheric circulation, streamflow, and flooding across
Europe and the United States, showing promising results
(Brunner and Dougherty, 2022; Schlef et al., 2019; Duck-
stein et al.,, 1993; Wilby, 1993). Despite their promise,
large-sample hydrological UK ML models have generally
not incorporated synoptic-scale WPs as predictive features
alongside land-surface and hydrometeorological variables,
even though these features are 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 predic-
tors for flood magnitude estimation within a large-sample,
data-driven machine learning hydrological framework. Fur-
thermore, to date research in this field has not adopted a mod-
eling approach that incrementally adds features across a suc-
cessive feature set framework, including the MO-30 WPs, to
evaluate and quantify their relative contributions to flood es-
timation. This approach can provide model transparency in
how models use features to make flood predictions, and pro-
vide insights into the possible physical mechanisms, feature
interactions and relative importance of flood drivers.

Recent years have seen rapid developments in ML tech-
niques that can handle non-linear interactions, large datasets,
and 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 pre-
dicting streamflow time-series and have proved very suc-
cessful (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 magni-
tude of extreme streamflow events above the 99th percentile
threshold exceedances at each site using large-sample data
rather than by modeling continuous time-series data. Ran-
dom Forest (RF) models have proven effective for under-
standing the drivers of hydrological events due to their ability
to model complex, non-linear relationships and handle mul-
tiple data types while avoiding overfitting (van Hamel and
Brunner, 2024; Slater et al., 2024; Jiang et al., 2022; Xu et al.,
2024). RF models are an ensemble method that constructs
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 XAI tools to highlight feature importance in hydrologi-
cal 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; Mushtagq et al., 2024; van Hamel
and Brunner, 2024; Coxon et al., 2024; Slater et al., 2024).

Current flood estimation research often ignores the inter-
action between weather patterns and hydrological variables
in predicting flood magnitudes. Testing the integration of
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synoptic-scale features alongside meteorological and hydro-
logical variables in a predictive framework is important, as
novel and creative ways to enhance extreme flood prediction
are needed. This study fills this research gap by investigat-
ing the contribution of synoptic-scale WPs, meteorological
factors, and physical catchment features as drivers of win-
ter extreme flood magnitudes in UK natural catchments, us-
ing large-sample ML RF models. In this work, we: (1) As-
sess the conditional probabilities of MO-30 WPs on fluvial
flood days and the distributions of flood magnitudes asso-
ciated 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 influence
of spatial identifiers, atmospheric circulation (WPs), catch-
ment characteristics, and meteorological variables on flood
magnitude estimation in UK natural catchments. (3) Evalu-
ate the model performance and feature importance results for
national and regional data samples.

To achieve these objectives, we trained structured RF mod-
els across nine spatial samples (the UK national model and
eight predefined hydro-climatic regional models) for each of
the seven feature sets, resulting in 63 model configurations
in total. Each feature set represents a successive stage in the
feature-incorporation framework. The national and regional
models enable comparison between large-sample learning
at the UK scale and more localized learning within homo-
geneous hydro-climatic regions. This study advances large-
sample flood estimation research by integrating both atmo-
spheric WPs and hydrological drivers and by providing phys-
ically interpretable insights from XAI analyses for extreme
flood magnitudes (>99th percentile).

2 Data and methods
2.1 Data sources

Daily streamflow (m3 s~ 1) 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 precipita-
tion, potential evapotranspiration, and temperature variables
were obtained from CAMELS-GB (Coxon et al., 2025), de-
rived from the Met Office HadUK-Grid Climate Observa-
tions from Hollis et al. (2019). A selection of static catch-
ment 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 cap-
ture the influence of precipitation during previous days, is
presented in Appendix Table A2.

The temporal span was chosen to maximize the availabil-
ity of streamflow data for natural benchmark catchments.
Benchmark catchments are minimally influenced by anthro-
pogenic influences (Harrigan et al., 2018) and were cho-
sen to explore the influence of the WPs as predictors, min-
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imizing the influence 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 wa-
ter year (1 October-30 September), and at least 30 complete
years of data. For each unique catchment, the normalization
of streamflow (m3s~!) to specific discharge (mmd~1) ac-
counted for catchment size variability in the large-sample
model and enhanced model generalizability.

These selection criteria resulted in 134 suitable catch-
ments. For the UK-wide analysis, all selected catchments
were pooled together. For regional analysis, the catch-
ments were grouped into their corresponding Met Of-
fice Hadley Centre Observations Dataset (HadUKP) cli-
mate regions using shapefiles (Merz et al., 2016). Region
names and corresponding abbreviations (e.g., Northern Scot-
land = NS, Southern Scotland =SS, Central and Eastern
England = CEE) are defined in Appendix Table A3. Daily
WP classifications were obtained from the Met Office MO-
30 dataset (Neal et al., 2016), for the same time period
as the catchment streamflow data (1969-2021). These WPs
were created using an annealed k-means clustering method
of mean sea 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 asso-
ciated with weaker MSLP anomalies, are historically more
frequent, and occur more often in summer. Higher-numbered
WPs are associated with stronger MSLP anomalies, are his-
torically less frequent, and occur more often in winter (Neal
et al., 2016). The WPs are displayed in Fig. 1, and the corre-
sponding descriptions from Neal et al. (2016) are presented
in Appendix Table Al.

2.2 Identifying flood magnitudes and dataset creation

Our analyses focus on winter floods. The winter months of
December, January, and February (DJF) were chosen for
analysis because most of the largest flood events in the UK
occur during this season (Ledingham et al., 2019). Extreme
flood events above the 99th percentile were identified 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 most severe events while maintaining an
adequate sample size. A 7d independence window was ap-
plied, following Brunner and Dougherty (2022). The target
variable for modeling was the flood magnitude, defined as
the largest specific-discharge value (mmd~") for each inde-
pendent event. The resulting sample sizes and regional break-
down of catchments and independent flood events are sum-
marized in Appendix Table A3.

Our analysis focuses on the day with the highest flood
peak, defined in this study as the event-day. While this ap-
proach does not capture the full hydrograph duration, it inten-
tionally isolates the peak magnitude of independent events.
The POT method is widely recognized for its ability to cap-
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Figure 1. Weather Pattern (WP) classifications from the MO-30 dataset. From Neal et al. (2016).

ture multiple extreme events within a single year, providing
a more comprehensive analysis of flood extremes compared
to the Annual Maxima (AM) method (Mailhot et al., 2013;
Pan et al., 2022).

For the identified flood magnitude event days, feature sets
1-6 were compiled from the datasets described above for the
UK and regional samples. Feature sets include a combina-
tion of: (1) spatial identifiers (latitude and longitude), used as
baseline spatial features and to provide location context for
the WP classification; (2) the UK Met Office MO-30 WP cat-
egory on the event day; (3) the antecedent WPs (AWPs) from
one to three days prior, representing synoptic scale atmo-
spheric conditions and pre-event circulation; (4) catchment
characteristics including aridity index, area, baseflow index,
streamflow elasticity, maximum elevation, and runoff ratio;
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(5) meteorological variables such as event-day precipitation,
mean/minimum/maximum temperature, and potential evapo-
transpiration; and (6) antecedent cumulative precipitation for
1-3 d prior to the event, capturing short-term catchment wet-
ness. The 3 d antecedent window was selected based on the
typical response time of small, near-natural UK catchments.
Overall, eight regional flood magnitude datasets in addition
to the UK national dataset were produced for subsequent
modeling. A summary for each region, including the num-
ber of catchments, total flood magnitude events, and mean
events per catchment is presented in Appendix Table A3.

To address multicollinearity and improve the interpretabil-
ity of the final feature set, a post hoc feature pruning step was
applied to feature set 6 to identify the final feature set 7. Vari-
ance Inflation Factor (VIF) analysis, as described in O’Brien
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(2007), was used to quantify collinearity among predictors.
Predictors with VIF > 10 were iteratively removed, priori-
tizing the retention of physically interpretable variables. The
final 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 all models to allow direct comparison of
process groups, feature set 7 is specific to each data sample.
Consequently, the retained features differ slightly by region.
Figure B1 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 in Table A2, with abbreviations for
model results in Fig. 4.

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
flood event days by computing the conditional probability
of each WP given that a flood occurred on the day, denoted
as “P(WP | flood)”. This analysis was performed for (1) the
UK sample dataset and (2) the regional sample datasets. To
account for the cumulative influence of synoptic-scale condi-
tions leading to floods, we extended the analysis beyond the
day of the event to include AWP categories (up to three days
prior).

Distribution of flood magnitudes

We further explored the distribution of flood magnitudes as-
sociated with each WP, and present this for the WPs most
often associated with flood magnitude days. Flood magni-
tude (mmd~!) has already been normalized. However, since
larger catchments might represent smaller flood magnitudes
compared to smaller catchments, given their larger drainage
areas, we present the flood magnitudes associated with each
WP stratified by catchment size. To do so, the catchment
sizes were categorized into lower, middle, and upper ter-
ciles (3.12-66.82, 66.82-194.81, and 194.81-1505.54 km?,
respectively), each containing approximately one-third of the
data.

2.4 Machine learning model structure

Next, we developed seven RF regression models, each in-
corporating a new feature set, as described in Table 1, to
gain insights into the roles of different features as predic-
tors of extreme flood magnitudes (mmd "), for the UK and
regional samples (see Table A3). The seven models were run
both as a UK-wide model with all catchments pooled and for
predefined regional samples (where each region has catch-
ments within corresponding regions). This enhances inter-
pretability by aligning the model structure with established
hydro-climatic regions and enables insights into the perfor-
mance and feature importance of regional and UK sam-
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ples. That is, each new feature set incrementally incorpo-
rates new features, as shown in Table 1, while the model
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 ap-
plied to the WP and AWP categories to create binary fea-
tures 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 fitting and hyper-parameter opti-
mization. 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 eval-
uation only on unseen years. Model hyper-parameters were
optimized within the training period, using Randomized-
SearchCV to balance model complexity and performance.
The final configuration 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 num-
bers and split parameters was conducted. This also reflects
a realistic forecasting scenario where future events are pre-
dicted based on past conditions (Botache et al., 2023). A
three-way split (training: 1969-2000, validation: 2001-2010,
test: 2011-2021) was also evaluated but produced very sim-
ilar 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
efficiency.

2.5 Uncertainty quantification

To quantify predictive uncertainty in the RF models,
ensemble-based uncertainty metrics were derived from the
final feature set 7 models. For each test-set sample, predic-
tions were obtained from all individual trees within the en-
semble. Two complementary metrics were employed. First,
the ensemble spread of tree predictions standard devia-
tions (Pred_SD), representing the absolute spread of predic-
tions and thus the model’s absolute predictive uncertainty
in mmd~!. Second, the coefficient of variation (CV), ex-
pressing the relative uncertainty. The results are presented
in Fig. B2.

2.6 Test set evaluation metrics

Overall model performance was evaluated using the coeffi-
cient of determination R? and Percentage Bias (PBIAS), cal-
culated once per model from all test set predictions of flood
magnitudes. The overall R? represents the total proportion
of variance in observed flood magnitudes explained by the
model at the national or regional scale. For each model, R?
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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 from

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; 1-30 MO-30 types)

Synoptic-scale atmospheric circulation on the flood day.

3 Antecedent Weather Pattern (AWP) categories
(WP_t-1, WP_t-2, WP_t-3; 1-30 MO types)

Synoptic meteorological conditions on days preceding the
event.

4 Static catchment characteristics (CC): Area,
Max. Elevation, Aridity Index, Runoff Ratio,
Streamflow Elasticity, Baseflow Index

Catchment form, storage, and long-term hydro-climatic
controls.

5 Event-day hydro-meteorological variables
(HM): Precipitation,
Mean/Maximum/Minimum Temperature,
Potential Evapotranspiration

Local meteorological forcing on the flood magnitude day.

6 Antecedent hydro-meteorological variables
(AHM): Total Precipitation 1-3 d before

Short-term wetness and memory effects preceding flood
events.

7 Pruned feature set (non-collinear, physically
interpretable predictors from Set 6)

Reduced-complexity model capturing dominant, physically
consistent drivers.

was first calculated for the overall model and then at the
catchment level. For the final 7 sets of models, comparisons
were performed by re-evaluating the UK model on the ex-
act subset of catchments used in each regional model, us-
ing identical test periods. Catchment level R? values were
computed separately for each catchment and then aggre-
gated (median and mean) across catchments within each re-
gion. Only catchments with at least ten events were included.
This approach provides consistent comparisons across spa-
tial scales and captures both temporal variation within catch-
ments (intra-catchment variability) and variation between
catchments (inter-catchment variability). The equations for
R? and PBIAS are provided in Appendix C.

Significance of R? change across model generations

To evaluate the incremental effect of feature set additions on
model performance, paired permutation randomized signifi-
cance tests were conducted for the R? results. This method
assesses whether changes in R? are statistically significant
between successive model feature incorporation sets or when
compared to the baseline model (feature set 1), which con-
tains latitude and longitude. Flood event predictability inher-
ently 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 sam-
ples for all models. By pairing predictions for the same flood
events, we control for variability in event predictability, en-
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abling robust comparisons across successive feature sets. Im-
portantly, 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 indi-
vidual predictions, providing insights into local and global
influences 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 per-
formance and feature influence during the independent test-
ing period. SHAP, derived from cooperative game theory,
is a powerful explainable Al tool used to interpret the out-
puts 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 impu-
rity, SHAP is more robust as it provides insights into both
the direction and magnitude of the relationship between pre-
dictors 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.
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3 Results

Cyclonic MO-30 WPs have the highest conditional proba-
bilities on winter POT flood-event days across most hydro-
climatic regions and in the UK-wide sample (Fig. 2a). In
the UK sample, WP 30 has the highest event-day conditional
probability and occurs on 19 % of flood-event days (Fig. 2a).
Other cyclonic types (including WPs 20, 21, and 29) also
show elevated conditional probabilities, with regional con-
trasts in the most frequent WP (Fig. 2a). In North Scotland
(NS), WP 23 is the most prominent event-day type and oc-
curs on 16 % of flood-event days (Fig. 2a). Blank cells indi-
cate region—WP combinations with no recorded flood events
during the study period (Fig. 2b). Three days prior to flood
events, WP 30 is less dominant than on the event day, while
other higher-numbered cyclonic types (notably WPs 20 and
29) occur more frequently across multiple regions (Fig. 2b).

Across all catchments, the distributions of winter POT
flood magnitudes differ by WP, with WP 23 associated with
higher typical magnitudes (higher median and mean) than
the other selected patterns, while WP 30 shows a compar-
atively lower central tendency but a wide spread (Fig. 3a).
When stratified by catchment area, small catchments exhibit
the widest ranges and inter-quartile spreads in flood magni-
tudes for several WPs, particularly WPs 23 and 30, whereas
the medium and large catchment groups show narrower dis-
tributions overall with reduced spread relative to the small
catchment tercile (Fig. 3b).

The UK pooled model achieves consistently higher test-
set R? values than the regional models across all feature
sets, with peak performance in feature sets 6—7 (maximum
R? =0.84inset 6 and RZ = 0.83 in set 7) (Fig. 4a). Regional
performance varies, with SW showing the highest regional
R? (0.83 in set 6; 0.82 in set 7) and CEE the lowest perfor-
mance (0.37 in set 6; 0.33 in set 7) (Fig. 4a). In most samples,
the largest increases in R? occur when hydrometeorologi-
cal predictors and antecedent precipitation indices are added
(feature sets 5-6), whereas adding WP and AWP predictors
(feature sets 2—3) generally does not improve R? relative to
the feature set 1 baseline (Fig. 4a). Bold values with an aster-
isk indicate statistically significant differences in R? relative
to the feature set 1 baseline (Fig. 4a). Across feature sets,
PBIAS is predominantly negative in most samples for the
higher feature sets, indicating a tendency to underestimate
peak flood magnitudes in the test period (Fig. 4b). Bias mag-
nitude differs by region, with the most negative PBIAS val-
ues in CEE, while NS shows comparatively positive PBIAS
values (Fig. 4b).

Catchment-level test-set performance shows substantial
within-region variability in R? across matched catchments
(Fig. 5a). Spatial differences in model skill vary by catch-
ment, with performance contrasts captured by R? (regional
minus UK) (Fig. 5b). Positive R? values (red shading) iden-
tify catchments where the regional model achieves higher
R?, whereas negative values (blue shading) indicate catch-
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ments where the UK model performs better (Fig. 5b). The
R? performance differs between regions. The SS, ES and
NW show comparatively higher median R? values, whereas
CEE and SE regions exhibit lower medians and a slightly
greater concentration of low-skill catchments (Fig. 5a). The
head-to-head comparison indicates that differences in model
skill are catchment-specific, with AR? (regional minus UK)
varying in sign and magnitude across the country (Fig. 5b).
Positive A R? values (red shading) identify catchments where
the regional model achieves higher RZ, whereas negative val-
ues (blue shading) indicate catchments where the UK model
performs better. The mixed pattern of red and blue points
suggests that neither approach consistently dominates and
that any regional-model advantage is spatially heterogeneous
rather than uniform (Fig. 5b). In several regions, the distribu-
tions for the UK and regional models overlap strongly, im-
plying that improvements from regional models are modest
for many catchments but can be more pronounced for specific
locations, as indicated by the tails of the R% and AR? distri-
butions (Fig. 5a and b). Overall, across all matched catch-
ments, the UK model attains higher R? more often than the
regional models (54.9 % versus 45.1 %), indicating that re-
gional modeling does not yield a consistent overall advantage
despite some catchment-specific gains (Appendix Fig. B3).

Across the UK and regional feature set 7 models, the most
influential predictors (ranked by mean absolute SHAP value)
generally combine climatic context with event-scale forcing,
with event-day precipitation and related antecedent precipita-
tion indices frequently appearing among the highest-ranked
variables (Fig. 6). The SHAP value distributions indicate di-
rectionality, with higher precipitation values typically associ-
ated with positive SHAP values (higher predicted flood mag-
nitudes) and lower precipitation values associated with nega-
tive SHAP values (Fig. 6). Predictor retention and relative
importance vary between regions, reflecting differences in
the final pruned feature sets (Fig. 6).

Across the UK and regional feature set 7 models, the
top ten predictors ranked by mean absolute SHAP (|SHAP|)
show that the UK model is dominated by climatic context
and precipitation forcing, with the aridity index as the most
influential predictor, followed by event-day precipitation and
antecedent precipitation indices (Fig. 7). Regional rankings
show both similarities and differences relative to the UK
model: precipitation-related predictors remain prominent in
several regions, while some regions show a larger contribu-
tion from static catchment attributes (e.g., baseflow index,
area, or elevation) among the top-ranked predictors (Fig. 7).

4 Discussion
4.1 Conditional probability and distribution

The dominance of cyclonic WPs on flood-event days
(Fig. 2a), such as WP 30 in the UK sample, is consistent with
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Figure 2. Conditional probabilities of WPs associated with flood days. Panel (a) shows conditional probabilities on the day of the flood, and
panel (b) shows probabilities of the AWPs three days prior to the flood. Regions are indicated on the y axis (abbreviated as in Table A3)
and WP categories on the x axis. The color scale represents the conditional probability value between 0 and 1, with blank cells indicating no

recorded events for that region—-WP combination.

previous work linking these synoptic regimes to enhanced
UK precipitation and flooding potential (Richardson et al.,
2018; Neal et al., 2018). Regional differences in the most fre-
quent flood-associated WPs (e.g., WP 23 in NS) indicate that
synoptic circulation provides a broad-scale atmospheric con-
text. However, the resulting flood response likely depends on
how that context interacts with regional hydro-climatic con-
ditions and catchment properties (Griffin et al., 2025, 2024;
Berghuijs et al., 2019). Spatial variability may also reflect
differences in the precipitation footprints and storm tracks
associated with individual WPs. Moreover, coastal exposure
and orographic enhancement in western regions could be
playing a role.

WP 21 provides an example of how frequency on flood-
event days can differ from circulation types associated with
widespread extreme precipitation. Previous analyses have
shown that WP 21 can be associated with elevated pre-
cipitation across multiple UK regions (Richardson et al.,
2018, 2020). In the present analysis, WP 21 occurs fre-

Hydrol. Earth Syst. Sci., 30, 2135-2160, 2026

quently on flood-event days in several regions (notably SE,
SS, and NW; Fig. 2a), but WP 30 remains the most frequent
type overall. This reinforces that the circulation type most
strongly linked to extreme precipitation does not necessarily
correspond to the type that co-occurs most frequently with
flood events. This is because flood occurrence and magni-
tude also depend on antecedent wetness, catchment storage,
and hydrological memory (Staudinger et al., 2025; Brunner
and Dougherty, 2022). Consequently, the same WP can pro-
duce different flood responses in different catchments and
under different pre-event conditions.

The antecedent analysis (Fig. 2b) further indicates that the
synoptic context preceding flood events is not limited to the
event-day circulation type. The reduced dominance of WP
30 three days prior to events, alongside more frequent occur-
rence of other cyclonic types (e.g., WPs 20 and 29), is consis-
tent with the importance of multi-day circulation sequences
in conditioning catchment wetness through cumulative rain-
fall (Berghuijs et al., 2016, 2019; Brunner and Dougherty,
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Figure 3. Comparison of flood magnitude (mm d_l) distributions under selected weather patterns (WPs 20, 21, 23, 29 and 30). Panel
(a) shows the distribution across all natural catchments. Panel (b) shows the distribution stratified by catchment area: Small (3.12-66.82 kmz),
Medium (66.82—194.81 km2), and Large (194.81-1505.54 km?2). These terciles are equally sized to represent three bins of catchment area
data. Boxplots show the interquartile range (IQR; Q1-Q3), the median as a solid black line, and the mean as a black dotted line; whiskers

extend to 1.5 x IQR, and outliers beyond that are omitted for clarity.

2022). These results motivate the inclusion of antecedent cir-
culation descriptors as candidate predictors in the subsequent
modeling framework, while also highlighting the potential
for non-linear interactions between atmospheric regime, pre-
cipitation, and catchment state.

The conditional probability patterns (Fig. 2a) provide
synoptic-scale context for winter flood-event days, but the
translation from circulation type to flood response is not one-
to-one. The same WP can coincide with flood events more
frequently in steep, fast-response catchments that are already
wet, but less frequently in drier or more permeable catch-
ments with higher infiltration capacity, reflecting the impor-
tance of antecedent wetness, storage, and hydrological mem-
ory (Staudinger et al., 2025; Brunner and Dougherty, 2022).

The antecedent analysis (Fig. 2b) indicates persistence of
cyclonic circulation in the days preceding flood events. In
particular, higher-numbered cyclonic types are more com-
mon three days prior to events, while WP 30 becomes
less dominant and WPs 20 and 29 occur more frequently.
This supports the interpretation that multi-day synoptic se-
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quences condition catchment wetness through cumulative
rainfall and soil saturation, which can increase the likelihood
of flood generation (Berghuijs et al., 2016, 2019; Brunner
and Dougherty, 2022).

The magnitude distributions (Fig. 3) demonstrate that WPs
associated with frequent flood-event occurrences are not nec-
essarily those associated with the highest flood magnitudes.
Although WP 30 most frequently co-occurs with flood-event
days (Fig. 2), it is not associated with the highest median
or mean flood magnitudes (Fig. 3a). WP 30 represents a
broad cyclonic regime that can persist for several days and
affect large areas, which may favor frequent flood-event oc-
currences rather than the largest peak magnitudes (Neal et al.,
2016). WP 30 could be driving lower intensity but longer
duration events, especially in larger catchments where pro-
longed rainfall is a more important factor for flood genera-
tion, and be associated with duration rather than event peak.
In contrast, WP 23 is associated with higher flood magni-
tudes in this event-based analysis, highlighting the impor-
tance of considering both the frequency of flood-conducive
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circulation types and the intensity of the flood magnitudes
linked to those types (Neal et al., 2016).

Catchment size modulates these WP-magnitude relation-
ships (Fig. 3b). Smaller catchments display wider spreads
and higher upper-tail magnitudes under WPs 23 and 30, con-
sistent with their shorter response times and sensitivity to
intense rainfall. Larger catchments exhibit narrower distri-
butions, reflecting spatial averaging and storage effects that
can dampen peak responses. These differences further sup-
port that synoptic-scale regimes provide a necessary but in-
sufficient descriptor of event-scale flood magnitude without
accounting for catchment state and response characteristics.

Finally, changes in the frequency of specific circulation
types could have implications for future flood hazards. For
example, under RCPS.5, Pope et al. (2021) reported an in-
crease in the occurrence of WP 23, which may be particu-
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larly relevant for regions where this WP is already prominent
on flood-event days (e.g., NS; Fig. 2). This motivates future
work linking circulation-type projections to hydrological im-
pacts using predictors that better resolve catchment states and
event-scale forcing.

4.2 UK and regional model performance

Feature set 7 is the final pruned specification. Latitude/-
longitude and WP/AWP predictors were excluded, and the
remaining predictors were pruned for collinearity (Ap-
pendix Fig. B1). This means that the results for feature set
7 reflect skill attributable to the retained hydrometeorologi-
cal and catchment-relevant predictors, while spatial proxies
and WP/AWP categories do not contribute to (and in some
regions reduce) predictive performance. A brief sensitivity
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Figure 5. Comparison of UK and regional model performance at the catchment scale. (a) Boxplots of catchment R? for matched catchments
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higher performance of the UK model.

check indicated that increasing model complexity did not
materially change test performance, supporting the robust-
ness of the final specification.

The UK pooled model consistently outperforms the re-
gional models across feature sets, reaching R? =0.84 in
feature set 6 and R? = 0.83 in feature set 7 (Fig. 4a). The
statistically significant improvement from the feature set 1
baseline (R =0.66) is consistent with the advantages of
pooling information across a larger and more diverse set
of near-natural catchments, which can improve the ability
of machine-learning models to learn generalizable relation-
ships from limited extreme-event samples (Kratzert et al.,
2024, 2019; Slater et al., 2024).

Across regions, model performance varies substantially,
reflecting differences in dominant hydrological regimes,
within-region heterogeneity, and event sample composition.
The SW region achieves the highest regional performance
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(R2 = 0.83 in feature set 6; R = 0.82 in feature set 7), while
the NW exhibits a large improvement relative to baseline
(+0.35) reaching R% =0.75. In contrast, SS and ES show
more modest improvements, reaching feature set 7 R? values
of 0.60 and 0.54, respectively, consistent with the constraints
of smaller regional samples.

CEE exhibited the lowest performance (R? = 0.37 in fea-
ture set 6 and 0.33 in feature set 7), despite having the largest
dataset. This region’s low relief, permeable, and chalk domi-
nated terrain can mean that floods are more groundwater and
storage driven rather than influenced by event precipitation
(Lane et al., 2019; Coxon et al., 2020). The CEE region is
therefore likely less sensitive to short-duration rainfall pre-
dictors. Similarly, the SE region has low performance, reach-
ing R? of 0.49 with hydrometeorological features and up to
0.60 by feature set 7, although this is not statistically signif-
icant compared to the baseline model (feature set 1). This

Hydrol. Earth Syst. Sci., 30, 2135-2160, 2026



2146

UK
NS
Aridity index ~ @@psse—-. -
Precipitation (event day) +——~-—-- Precipitation (event day)
Total precipitation 1 day before R Area
Area -Q Total precipitation 1 day before
Maximum elevation 4+ Total precipitation 3 days before
Total precipitation 2 days before + Potential evapotranspiration
Potential evapotranspiration + Minimum temperature
Minimum temperature |- Total precipitation 2 days before
Total precipitation 3 days before l-
0 50
ES NwW
Area b -~ Aridity index
Precipitation (event day) —- Precipitation (event day)

Total precipitation 2 days before
Total precipitation 1 day before

’..—

-
Stream elas ===

+

+

*.

Total precipitation 1 day before
Area

Minimum temperature

Potential evapotranspiration
Total precipitation 2 days before
Total precipitation 3 days before

Potential evapotranspiration
Total precipitation 3 days before
Minimum temperature

0 20
CEE sSwW
Baseflow index st
Maximum elevation === ,’, - Precipitation (event day)
Precipitation (event day) e Total precipitation 1 day before
Total precipitation 1 day before +— Stream elas
Total precipitation 2 days before G Area
Total precipitation 3 days before L o Total precipitation 2 days before
Potential evapotranspiration 4 Total precipitation 3 days before
Area Potential evapotranspiration
Stream elas 4 Minimum temperature
Minimum temperature $--

JE S
-2.50.0 25

E. Ford et al.: Machine learning and flood estimation

SS High
Precipitation (event day)

Aridity index

Area

Total precipitation 1 day before
Potential evapotranspiration
Total precipitation 3 days before
Total precipitation 2 days before
Minimum temperature

NE
- 4 ‘4—- Precipitation (event day)
.."_.-.- Stream elas
e Area

f Total precipitation 1 day before
k- Potential evapotranspiration
f- Total precipitation 2 days before
¢ Minimum temperature
‘} Total precipitation 3 days before

Feature value (low-high)

=25 0 25
SE
’10——-»-— . Area  =oniie | {ie
- Maximum elevation i -
4:»~ Total precipitation 1 day before + -
Qt—- Precipitation (event day) L o
» Potential evapotranspiration [
+ Total precipitation 2 days before [ J
l' Total precipitation 3 days before [ 3
‘} Minimum temperature +

o
N}
a
|
a
o
w

Low

SHAP value (impact on model output)
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aligns with previous work showing that the SE is difficult
to model without explicit groundwater representation (Lees
etal., 2021). These results underscore that regions dominated
by slower-response processes require predictors that capture
longer-term hydrological memory.

The changes in skill across feature sets highlight which
predictor groups are most informative for event-scale flood
magnitude estimation. In most regions, the inclusion of WP
and AWP predictors (feature sets 2-3) does not improve
performance relative to the spatial baseline and can reduce
skill, suggesting limited incremental predictive information
at daily resolution for peak magnitude estimation. This is
consistent with the view that synoptic-scale circulation de-
scriptors may not resolve the fine-scale variability associated
with local precipitation extremes and catchment-scale runoff
generation processes (Lavers et al., 2010). In contrast, the
largest gains in R? occur once event-day hydrometeorolog-
ical variables and short-window antecedent precipitation in-
dices are included (feature sets 5-6), reinforcing the impor-
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tance of forcing and antecedent wetness in conditioning peak
magnitudes in many UK catchments (Bloschl et al., 2019;
Berghuijs et al., 2019, 2016).

In feature set 7, performance remains similar to feature
set 6 in the UK model and in several regional models, in-
dicating that the pruning step removes redundant predictors
while retaining most of the information relevant to predic-
tion. The small reduction in R? between feature sets 6 and
7 reflects the expected trade-off between interpretability and
predictive performance and supports the use of a reduced,
physically interpretable predictor set for subsequent process
attribution.

PBIAS results (Fig. 4b) indicate a general tendency to-
wards the underestimation of peak magnitudes in the test
period across many regions, consistent with the scarcity of
observations in the upper tail and the inherent difficulty
of learning extreme responses from limited event samples.
NS shows comparatively smaller bias and includes cases
of overestimation, suggesting region-specific differences in
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Figure 7. Final (pruned feature set 7) models. Mean absolute SHAP (|[SHAP|) values are shown for the top ten predictors in the UK and
regional feature set 7 models. Higher bars indicate stronger average influence on predicted flood magnitudes. Full variable descriptions, units,

and calculation methods are listed in Table A2.

error structure. The largest biases in CEE co-occur with
low R?, further indicating that key storage-related processes
are not fully represented by the current predictor set. Pre-
dictive uncertainty derived from RF ensemble spread (Ap-
pendix Fig. B2) provides additional context, with generally
low median uncertainty across samples but increased uncer-
tainty in regions with lower skill.

4.3 Catchment scale performance

Catchment-level evaluation complements pooled-scale met-
rics by isolating within-catchment temporal predictability in
the test period. Unlike the aggregate results discussed pre-
viously, which combine inter- and intra-catchment variabil-
ity across regions, this analysis calculates R? individually
for each catchment based on its test events and then com-
pares these values between the UK and the corresponding
regional models. Figure 5 shows these per-catchment R? dis-
tributions, with matched comparisons between the UK and
regional models. At the regional scale, the southwest (SW)
maintained high aggregated R? values, but per-catchment
performance revealed wide variability (ranging from —0.94
to 0.69), highlighting heterogeneity in local dynamics. This
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indicates that regional models can generalize well to broader
regional trends but may not consistently capture localized
hydrological processes driving flood magnitudes. Similar
variability was observed in other regions, suggesting that
model skill depends strongly on individual catchment char-
acteristics, data density, and the distinct hydrometeorological
drivers of extremes. Across all regions, the UK model out-
performed regional models in 54.9 % of matched catchments
(Appendix Fig. B3), confirming that large-sample pooled
models generally provide stronger generalization and robust-
ness (Kratzert et al., 2019, 2024, Slater et al., 2024).
However, regional models achieved higher performance
than the UK-wide model in 45.1 % of catchments, demon-
strating that locally trained models can still outperform
larger models when regional hydrological characteristics are
strongly distinct. Scatter-plots of per-catchment R? values in
Appendix Fig. B4 show that regional models sometimes out-
perform the UK model, particularly in regions with coher-
ent hydrological regimes, suggesting that local models re-
tain value where region-specific flood processes dominate.
The stronger overall UK performance reflects the model’s
ability to leverage greater data diversity and capture inter-
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catchment variability, consistent with established findings in
large-sample hydrology (Kratzert et al., 2024, 2019; Slater
et al., 2024). Despite this, the relatively modest catchment-
level R? values in many regions highlight persistent chal-
lenges in modeling intra-catchment variability of the largest
fluvial floods at the event scale. Limited extreme event
records for individual catchments (often < 20 events) con-
strain model learning and increase noise, reducing temporal
prediction reliability. These data constraints likely explain
some of the low or negative R? values observed in smaller
or more heterogeneous catchments. Overall, this analysis re-
veals that while pooled UK models achieve higher general-
isation, regional and catchment-specific processes still drive
substantial local variability. Aggregated metrics may there-
fore mask poor local model skill, emphasising the impor-
tance of targeted feature engineering and model designs ca-
pable of balancing generalisation with sensitivity to local
catchment dynamics.

4.4 Feature importance

Our analysis of dominant processes indicates that flood mag-
nitude predictions are primarily controlled by a combination
of climatic context, catchment features, and event-scale forc-
ing, with aridity, catchment area and precipitation related fea-
tures consistently among the most important (Figs. 6 and 7).
SHAP summary plots show both the direction and magni-
tude of individual predictor effects on model output, whereas
mean absolute SHAP values summarize the overall contri-
bution of each predictor across all events (Figs. 6 and 7).
Regional differences in predictor rankings indicate that the
relative importance of climatic context, hydrometeorologi-
cal forcing, and static catchment attributes varies between
hydro-climatic regimes (Figs. 6 and 7).

In the highest-performing UK model, the aridity index is
the most influential feature overall, followed by precipitation
(event day) and cumulative precipitation on the day before.
The aridity index, though static, represents a long-term con-
trol on catchment response by defining the climatic water
balance under which hydrological processes operate (Coxon
et al., 2020, 2025; Meira Neto et al., 2020). Lower aridity
(e.g., wetter conditions) is associated with higher flood mag-
nitudes, suggesting that catchments with persistently higher
moisture availability are more efficient at converting rain-
fall into runoff. While the aridity index does not vary from
event-to-event, its importance reflects the underlying hydro-
climatic context and catchment wetness, which influence
flood potential by setting the background (long-term) hydro-
climatic conditions under which individual storms occur. The
aridity index captures broad spatial gradients in climate and
hydrology that may have previously been represented by lat-
itude and longitude in the simpler earlier model feature sets.
However, aridity provides a more physically interpretable
and hydrologically meaningful descriptor of spatial variabil-
ity across UK catchments.
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Across both the UK and regional models, precipitation on
the event day consistently emerges as a dominant predictor
of extreme flood magnitudes, while antecedent precipitation
plays a secondary role. In nearly all regions, the SHAP distri-
butions confirm this behavior, with positive SHAP values as-
sociated with higher rainfall leading to higher predicted flood
magnitudes. This consistency demonstrates that the models
capture key physical processes, reflecting similar findings
from other UK ML-based hydrological studies (Lees et al.,
2021, 2022; Coxon et al., 2024).

In the SW and NW regional models, feature rankings
largely mirror the UK model but reveal important regional
nuances. Aridity remains a key control, but antecedent pre-
cipitation one day prior to the event gains prominence.
In the SW, this could be explained by the mechanism of
soil saturation and cumulative rainfall in modulating flood
magnitudes (Sefton et al., 2021; Griffin et al., 2019). The
SW model also attributes greater influence to topographic
and temperature-related variables, consistent with elevation-
driven orographic enhancement of rainfall and temperature-
linked variability in evapotranspiration and antecedent wet-
ness that together shape flood response in steep, maritime
catchments (Hendry et al., 2019; Sefton et al., 2021). In con-
trast, lower-performing regions such as CEE and SE show a
weaker dominance of dynamic predictors. Here, static fea-
tures such as baseflow index, area, or elevation rank higher.
This further reflects the importance of capturing slower,
groundwater-influenced flood generation processes charac-
teristic of these permeable, low-relief catchments.

Finally, while SHAP values provide valuable insight into
model behavior, they represent associations rather than direct
causal relationships. Non-linear feature interactions may am-
plify or mask underlying process signals. Therefore, SHAP-
based interpretability should be used alongside physical rea-
soning to avoid over-interpreting model-derived relation-
ships (Slater et al., 2025). Overall, the SHAP analysis sup-
ports that the models capture physically consistent mecha-
nisms governing flood magnitudes, with the dominance of
rainfall intensity and climatic wetness, while highlighting
region-specific sensitivities to antecedent and physiographic
factors.

4.5 Limitations and future recommendations

This study has several limitations that future research can ad-
dress. First, uncertainty in flow observations remains a ma-
jor challenge, particularly for extremes. High-flow discharge
estimates are often derived by extrapolating stage—discharge
rating curves beyond the range of direct gauge measurements
and are sensitive to both rating curve uncertainty and stage
measurement error which can be substantial during flood
conditions (Horner et al., 2018; Morlot et al., 2014; West-
erberg et al., 2022). In addition, the use of daily discharge
can under-represent the magnitude of short-lived flood peaks
because daily averaging smooths the hydrograph (Bartens
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et al., 2024). Future work could include quality-controlled
sub-daily discharge where available to provide an improved
representation of peak magnitudes (Fileni et al., 2023).

The selection of near-natural catchments was a deliberate
decision to isolate natural processes; this may have reduced
variability and limited the data sample size. Static features
have proven to be highly important in the models, but they do
not directly capture dynamic processes such as soil moisture
infiltration, groundwater levels, and snowmelt. Incorporating
additional dynamic variables such as snowmelt and ground-
water datasets could significantly improve predictive perfor-
mance in future work. Moreover, uncertainty in precipitation
data also constrains model accuracy. No rainfall product will
perfectly represent local conditions, and this limitation can
be amplified when modeling extremes. The inclusion of WPs
was motivated by their use in operational tools (e.g., Fluvial
and Coastal Decider), and their potential to capture more pre-
dictable synoptic scale drivers of floods. However, despite
WP-flood associations, their use in flood magnitude estima-
tions proved limited in this study. This is likely due to a scale
mismatch between the spatial resolution of the WPs and the
localized behavior of flood events. Future research could aim
to capture more accurately the synoptic and antecedent con-
ditions driving floods.

Furthermore, while aggregated UK and regional metrics
provide a useful overall picture, they may obscure substan-
tial heterogeneity at the catchment scale. The lower and more
variable catchment-level R? values observed in this study
highlight the importance of developing multi-scale evalua-
tion frameworks that explicitly assess local predictive skill
and uncertainty. Finally, the study’s deliberate design to fo-
cus exclusively on DJF events in near-natural catchments ex-
ceeding the 99th percentile threshold means that the findings
represent a subset of hydrological regimes and may not fully
generalize to managed or urbanized systems.

5 Conclusions

This study presents a comprehensive feature-incorporation
framework for applying ML models to quantify the contri-
butions of different predictor sets in flood magnitude esti-
mation across natural UK catchments. By comparing fea-
ture sets consistently for a pooled UK model and multiple
regional models, we quantify the extent to which different
static and dynamic variables influence model performance
and interpretability. The UK model achieved the highest pre-
dictive performance in the final model specifications (feature
sets 6 and 7; R? 0.83-0.84), demonstrating the benefits of
large-sample pooling and the diversity of training data to cap-
ture broad hydrological variability. However, catchment level
evaluation showed substantial heterogeneity in skill within
each region. Some catchments are predicted well, and others
remain challenging for both the pooled and regional mod-
els. This variability indicates that achieving consistently high
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performance at local scales depends on representing fine-
scale catchment properties and event-specific processes that
are not fully captured by the available predictors.

This study also provides the first quantification of the lim-
ited role of the Met Office WPs in flood magnitude estima-
tion, in this large-sample hydrological ML framework. Al-
though cyclonic WPs are frequently associated with flood-
event days, including WP and antecedent WP predictors does
not improve test-set performance and can reduce skill in
some regions. This suggests that, at catchment scale, WP cat-
egories provide limited additional information beyond direct
hydrometeorological forcing variables. Where future work
aims to understand or exploit circulation—flood linkages, im-
provements are more likely to come from higher-resolution
circulation descriptors (e.g., moisture transport, storm-track
metrics, or circulation indices tied more directly to rainfall
persistence and intensity) or alternative classifications de-
signed specifically for hydrological extremes.

SHAP-based process analysis showed that both static and
dynamic hydrometeorological features were critical for es-
timating flood magnitudes. The aridity index was the most
influential feature in the UK model. Dynamic variables,
such as event day and previous days antecedent precip-
itation also strongly influenced flood estimation. Slower-
response, groundwater-influenced regions (e.g., CEE and
SE) remain more challenging to predict, underscoring the
need for longer-term storage and groundwater indicators in
future modeling frameworks. Future developments in flood
magnitude estimation should aim to combine the generaliz-
ability of large-sample models with feature engineered pro-
cesses relevant for lower performing regions. Such advances
are essential for developing scalable, data-driven approaches
that can inform flood risk assessment and forecasting in a
changing climate. In doing this, ML models can achieve both
broader applicability and enhanced predictive skill across na-
tional, regional, and catchment scales.
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Table A1. Descriptions of the MO-30 weather pattern categories, reproduced from the dataset provided by Neal et al. (2016).

No. Category No. Category
1 Unbiased northwesterly 16  Anticyclonic south-southeasterly with a high east of
Denmark
2 Cyclonic southwesterly with a returning polar maritime 17 Anticyclonic east-southeasterly with a high over
air-mass Denmark
3 Anticyclonic southwesterly with a high pressure ridge 18  Anticyclonic southwesterly with a high over northern
over northern France France
4 Unbiased westerly 19 Unbiased northerly with a low east of Denmark
5 Unbiased southerly with high pressure centred over 20  Cyclonic westerly with an intense low near Iceland
Scandinavia
6 Anticyclonic Azores high extension towards the UK 21 Cyclonic southwesterly with a deep low south of
Iceland
7 Cyclonic southwesterly with a low centred 22 Cyclonic southerly with a low west of Ireland
wester-northwest of Ireland
8 Cyclonic westerly with a low centred near Shetland 23 Unbiased westerly and very windy in the north
9 Anticyclonic north-northeasterly with a high centred 24 Cyclonic northerly with a low in the North Sea
near Iceland
10 Anticyclonic west-southwesterly with a slight Azores 25  Aanticyclonic northerly with a high centred in the Irish
high ridge Sea
11 Cyclonic with a low centred over southern UK 26  Cyclonic northwesterly with a low near Norway — very
windy
12 Anticyclonic southerly with a high over Poland 27  Anticyclonic easterly with a high in Norwegian Sea
13 Anticyclonic northwesterly with a high southwest of 28  Cyclonic southeasterly with a low southwest of the UK
Ireland
14 Cyclonic north-northwesterly with a low near southern 29  Cyclonic south-southwesterly with a deep low west of
Sweden Ireland
15 Unbiased southwesterly, very windy in northwest 30 Cyclonic west-southwesterly with a deep low southeast

Britain

of Iceland
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Table A2. Variables used in the RF models.
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Variable Units Source Description/Definition

Specific discharge mmd ! NRFA (2023) Streamflow (m3s~1) at gauging stations normalized to
specific discharge using catchment area.

Latitude, Longitude degrees Coxon et al. (2020) Coordinates of the catchment centroid.

Precipitation (event day) mmd~! HadUK-Grid as Catchment-averaged daily precipitation.

presented in Hollis

et al. (2019) consistent
with Coxon et al.
(2025)

Total precipitation 1d mmd ! HadUK-Grid as Total precipitation accumulated on the 1-3 antecedent days

before, 2 d before, 3d presented in Hollis (including the event magnitude day), representing catchment

before et al. (2019) consistent wetness.
with Coxon et al.
(2025)
Potential evapotranspiration ~ mm d-! Hydro-PE as presented  Daily potential evapotranspiration averaged across the
in Brown et al. (2023) catchment.
consistent with Coxon
et al. (2025)

Mean temperature, °C HadUK-Grid as Catchment mean, minimum and maximum daily temperature.

minimum temperature, and presented in Hollis

maximum temperature et al. (2019) consistent

with Coxon et al.
(2025)

Area km? Coxon et al. (2020) Total catchment drainage area.

Aridity index - Coxon et al. (2020) Al =PET/ P, where PET = mean potential
evapotranspiration and P = mean precipitation; higher values
indicate drier climate.

Runoff ratio - Coxon et al. (2020) RR = Eyem /Fyear; fraction of precipitation converted to
streamflow, indicating catchment runoff efficiency.

Streamflow elasticity - Coxon et al. (2020) Sensitivity of streamflow to precipitation, approximated by
dln Q/dIn P from log-log regression of annual Q on P.

Baseflow index - Coxon et al. (2020) Proportion of total streamflow contributed by baseflow.

Maximum elevation m Coxon et al. (2020) Maximum elevation within the catchment.

WPs (e.g., wp_1)

Neal et al. (2016)

Daily synoptic-scale weather-pattern classification (MO-30)
based on mean sea-level pressure anomalies.

AWPs (e.g., wp_1-1)

Neal et al. (2016)

Antecedent Weather-pattern categories for the day, two days,
and three days prior to flooding, representing antecedent
atmospheric conditions.

https://doi.org/10.5194/hess-30-2135-2026

Hydrol. Earth Syst. Sci., 30, 2135-2160, 2026



2152

E. Ford et al.: Machine learning and flood estimation

Table A3. Regional flood event summary. Regions are ordered by total event count (highest: SW; lowest: NS). Short names (e.g., “SE”) are

used throughout.

Region Total events ~ Catchments Average number of

events per catchment
Southwest England and South Wales (SW) 1828 33 55
Central and Eastern England (CEE) 1018 20 51
Northwest England and North Wales (NW) 1061 19 56
Southeast England (SE) 730 17 43
Northeast England (NE) 694 14 50
South Scotland (SS) 687 12 57
East Scotland (ES) 511 11 47
North Scotland (NS) 405 8 51
UK Overall 6934 134 52

Appendix B: Supplementary figures

Feature set 7 corresponds to the final pruned model specifica-
tion used in the main analysis. The initial predictor pool in-
cluded geographic coordinates (latitude and longitude), syn-
optic WPs and AWPs, static catchment attributes, hydrome-
teorological event-day predictors, and antecedent hydrome-
teorological indices. Latitude and longitude were included
initially to provide spatial context for synoptic circulation
(i.e., the same WP can have different hydro-meteorological
implications depending on location). However, as these co-
ordinates are not physically interpretable predictors of flood
magnitude and primarily act as spatial proxies, they were re-
moved prior to the final pruning stage to ensure that the re-
tained predictors remained physically meaningful.

WP and AWP predictors were also removed prior to final
pruning. This decision was based on model comparison re-
sults across successive feature sets (Fig. 4), which showed
that adding WP and AWP predictors did not improve test-
set performance relative to the baseline in most regions and,
in some cases, reduced skill. Removing WP/AWP prior to
collinearity pruning therefore simplified the model without
loss of predictive performance, and ensured that the final
specification emphasized event-scale and catchment-relevant
drivers of flood magnitude.

After excluding latitude, longitude and WP/AWP predic-
tors, variance inflation factor (VIF) pruning was applied to
the remaining predictor set to reduce multicollinearity and
improve interpretability. The set of retained predictors dif-
fers by region because the pruning was performed separately
for each regional model. The predictors retained after prun-
ing for each model are summarized in Fig. B1.
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A sensitivity analysis was also performed to assess
whether increasing model complexity affected predictive
performance. In particular, model configurations with larger
ensemble sizes (e.g., 2000 trees compared with 1000 trees)
were tested and produced near-identical test-set perfor-
mance. This indicates that the reported results are not sensi-
tive to hyperparameter configuration, supporting the robust-
ness of the final model specification.
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Figure B1. Feature set 7 predictors retained across UK and regional models after removal of latitude, longitude, WPs, AWPs, and then
VIF pruning. Each colored square indicates that the corresponding predictor was retained in that region’s model, while blank cells denote
exclusion.
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Figure B2. Ensemble-based relative uncertainty (Coefficient of Variation, CV) by region for the final feature-pruned models (Feature Set
7). The CV (CV = Pred_SD/|Pred_Mean|) rescales ensemble prediction spread by mean predicted flood magnitude, allowing comparison
across regions with differing event scales. Boxes indicate inter-quartile range (25th—-75th percentile), whiskers extend to 1.5 x IQR, and
circles denote outliers. Lower CV values indicate higher ensemble agreement and lower predictive uncertainty. Regional models exhibit
similar median CV values (= 0.15-0.25), while slightly higher uncertainty is observed in NE, SE, and NS.
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Figure B3. Per-catchment performance difference between regional and UK models (A Rz) for matched catchments (i.e. same catchments in
regional and UK models). Positive values indicate higher regional model performance. Overall, the UK model achieved higher R 2in54.9%
of catchments, while regional models performed better in 45.1 %. Boxplots show the interquartile range (IQR; 25th—75th percentile), with
the median as a solid black line, whiskers extending to =1.5x IQR, and outliers shown as points.
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Appendix C: Supplementary methods and equations

Uncertainty metric definition. The coefficient of variation
was calculated by:

Pred_SD

= Cl
|Pred_Mean| + ¢ €D

where Pred_Mean is the ensemble mean prediction and
e =107° prevents division by zero. This metric presents
uncertainty as a fraction of the predicted magnitude. Ap-
pendix Fig. B2 shows the ensemble based relative uncer-
tainty expressed as the coefficient of variation (CV) for the
final pruned feature set 7 models. Median CV values across
most regions fall between 0.15 and 0.25. This indicates gen-
erally good model stability and agreement among ensem-
ble members. The SS and NW models show the lowest
uncertainty, with compact inter-quartile ranges, suggesting
stronger ensemble agreement in these regions. In contrast,
slightly higher and more variable CV values occur in SE and
NE regions, suggesting greater ensemble spread and reduced
confidence in predictions. These regions also correspond to
lower model skill in the main text Fig. 4, and are known to ex-
hibit heterogeneous or groundwater-dominated hydrological
responses, which may be increasing predictive uncertainty.
The UK and SW models show moderate uncertainty with
broader tails, likely reflecting the wider range of hydrolog-
ical conditions represented in their training data. Overall, the
low median CVs across all regions demonstrate that ensem-
ble variability remains limited and that the RF models are
internally stable.

Performance metrics. The equations for the performance
metrics calculated on each test set per model generation are
as follows:

R? (R-squared) measures the proportion of variance in ac-
tual flood magnitudes captured by the model predictions.

R? values are often reported between 0 and 1, with values
closer to 1 indicating a better fit. They can also take negative
values when the model performs worse than predicting the
mean of the observations. R? was assessed at the national,
regional, and individual catchment levels. The formula is as
follows (Chicco et al., 2021):

Z?:l()’i - 5’[)2
Y i —=)?

where y; is the observed value, y; is the predicted value, and
7y is the mean of the observed values.

R2=1-— (C2)

Percentage Bias (PBIAS) evaluates whether the model tends
to overestimate or underestimate the observed values. In
this definition, a negative PBIAS indicates underestimation
(predictions are lower than observed values), and a positive
PBIAS indicates overestimation (predictions are higher than
observed values). The formula, consistent with the revised
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convention, is as follows (Towler et al., 2023):

Y Gi— i)
Z?:])ﬁ'

where y; is the observed value and y; is the predicted value.

PBIAS = x 100 (C3)

Permutation testing for significance. Permutation testing, a
non-parametric approach widely used in machine learning
and environmental sciences, provides a robust framework
for evaluating the statistical significance of observed effects
without assuming data normality (Graham et al., 2014; Ojala
and Garriga, 2010). It is particularly useful in cases with
small sample sizes or heterogeneous data (Nariya et al.,
2023; Graham et al., 2014).

First, for a given region, predictions for the same flood
events were extracted across model generations, and the ob-
served difference in R? between the two model generations
was calculated as:

AR(%bs = RéenjH - Réenj' (C4)

To simulate the null hypothesis (Hp), which assumes no
systematic difference in R%, model predictions for the same
flood events were randomly shuffled between the two suc-
cessive feature sets. The shuffled predictions were used to
recalculate R? for each feature set, and the difference was
computed as:

2 _ 2 2
ARhuffied = Rshuffled, Gen;,y — Rshutfied, Gen; - (©5)

This shuffling process was repeated 1000 times to con-
struct a null distribution of AR? differences. Finally, the p-
value was calculated as the proportion of shuffled differences
that were as extreme as or more extreme than the observed
difference:

B 2 2
b=t ARG uiea | Z TARG
- 5 .

(Co)

If p <0.05, the observed change in R? was considered
statistically significant, indicating that the feature set changes
had a meaningful effect on model performance.

SHAP definition. As presented in Lundberg et al. (2020),
Lundberg and Lee (2017), and Xu et al. (2024), SHAP can
be explained by the following:

The SHAP value ¢; (f, x) for a feature x; calculates a fea-
ture’s contribution to the model’s prediction:

pifr)= Y

SCN~{i}

! — — 1!
W (f Gesugip) — f(xs)) (C7
where ¢; (f, x) represents the SHAP value of feature x;, f
denotes the model’s predictive function, N is the set of all
features, and S is any subset of N excluding feature x;. Here,
xs represents the input under the given feature set S, and | V|
and |S| correspond to the sample sizes of sets N and S.
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